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ABSTRACT
THE PARTICULARS ABOUT PARTICULATES: METAL EXPOSURE AND SELFREGULATION OF CHILDREN LIVING NEAR COAL ASH
Clara G. Sears
April 19, 2017
The use of coal combustion for electricity and the storage of coal combustion byproducts known as coal ash occur across the United States and around the world. The
most abundant type of coal ash, fly ash, contains small particles with metals, some of
which are known neurotoxins. Fly ash is currently stored in open-air landfills and surface
impoundments that allow fugitive dust to escape into surrounding communities,
potentially exposing children to small neurotoxic particles.
This dissertation uses preliminary data from a larger cross-sectional study to
investigate the relationship between particulate matter exposure, metal exposure, and
problems with self-regulation. Recruitment of this study sample, the first 78 of 300
participants, occurred between September 2015 and December 2016. Exploratory spatial
data analysis was used to assess how living near fly ash storage is related to indoor
particulate matter concentration and exposure to metals. Linear regression models were
used to assess the relationship between fly ash exposure, particulate matter exposure, and
self-regulation. Furthermore, Bayesian kernel machine regression for variable selection
and regression models were used to explore the relationship between metal concentration
in particulate matter and children’s self-regulation.
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The most abundant metal found in fly ash particles was aluminum. The
concentration of aluminum in indoor PM10 was significantly related to distance from the
fly ash landfills and an Environmental Justice Index used to identify vulnerable
populations. In addition, children with higher aluminum exposure were found to perform
more poorly on the Behavioral Assessment and Research System Continuous
Performance and Selective Attention Tests, indicating general inattention problems.
These results are based on a small preliminary sample and should therefore be interpreted
with caution. Future studies will further investigate the relationship between aluminum
exposure, children’s metal body burden, and cognitive control.
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I. INTRODUCTION
The production and storage of coal combustion residuals (CCR), primarily coal
ash, is a growing environmental issue and public health concern in communities across
the United States. According to the American Coal Ash Association (ACAA), in 2014
coal fired plants generated almost 130 million tons of CCR, which is being stored in
open-air landfills and surface impoundments across 47 states (1, 2). Current coal ash
storage methods expose surrounding communities to coal ash that has leached into the
groundwater and escaped as fugitive dust emission in the air (3). The EPA estimates that
6 million people, including 1.5 million children, are exposed to coal ash (4).
Coal ash particles have been found to contain radioactive elements and varying
concentrations of metals including arsenic, cadmium, lead, manganese, and mercury (57). Fly ash, the main component of coal ash, has the potential to be particularly hazardous
because the spherical particles are predominately less than 10 μm in diameter (PM10) (8,
9). Spencer and Drake (1987) reported that the concentration of metals in fly ash can be
two times greater than the concentration found in coal (10). Thus, inhalable fly ash
particles, potentially comprised of concentrated metals, are capable of penetrating deep
into the lungs and bloodstream.
Children have an increased risk of exposure to fly ash. Children have higher rates
of respiration relative to adults, increased hand-to-mouth behavior, and a tendency to play
near the ground which increases exposure to ambient particulate matter (11, 12). In
addition, some of the metals in fly ash are neurotoxins (13-16); and exposure to
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particulate matter and neurotoxic metals during rapid growth in the early stages of life
can disrupt developmental processes and result in neurological dysfunction in the frontal
cortex (12, 16, 17). The frontal cortex, which is essential for cognitive control and selfregulation, is one of the last areas of the brain to develop and therefore susceptible to
environmental exposures during childhood (12, 18).
This dissertation research will investigate the impact of exposure to particulate
matter and metals in fly ash on cognitive control and emotional self-regulation in children
living near two large coal-burning power plants in Kentucky.
Findings from a 2012-2014 pilot study in neighborhoods surrounding the coalburning power plants indicated that parents living in this area were very concerned about
fugitive dust found in and around their homes and the potential effects on their children’s
health. Many participants mentioned problems with inattention, hyperactivity, and
behavior as major concerns (19)(Sears and Zierold, unpublished).
Based on previous research on the neurotoxicity of metals and particulate matter,
as well as findings from the pilot study, it is hypothesized that particulate matter and
metal exposure will be associated with cognitive control problems and deficient
emotional self-regulation in children.
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II. OBJECTIVE, SPECIFIC AIMS, AND HYPOTHESES
The overall objective of the study is to characterize exposure to fly ash, PM10, as
well as metals, and investigate the relationship with cognitive control and self-regulation
of children living near two coal-burning power plants in Louisville, Kentucky. In order to
do this, the subsequent aims will explore the following three research questions:
1) How is exposure to fly ash related to PM10 and metal exposure, and is there a
geospatial gradient of exposure in the area surrounding the power plants?
2) Are exposures to fly ash, PM10, and metals associated with children’s cognitive
control?
3) Are exposures to fly ash, PM10, and metals associated with children’s
emotional self-regulation?
These research questions will be explored through the subsequent six specific aims.

Specific Aim 1:
To characterize indoor fly ash, PM10 concentration, and metal exposure in homes
throughout Louisville, Kentucky.
To explore this aim, the following will be done:
a) Characterize the elemental composition of fly ash particles.
b) Characterize the relationship between fly ash and PM10 concentrations in homes.
c) Characterize metal concentrations found in PM10 and the relationship with fly ash
in homes.
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Hypothesis: Fly ash particles will contain common metals found in coal, such as
aluminum and titanium, in addition to trace elements like lead, cadmium, and arsenic.
Homes found to have fly ash will have greater concentrations of metals found in fly ash
particles and overall greater concentrations of PM10 compared to homes with no evidence
of fly ash.

Specific Aim 2:
To use Geographic Information Systems (GIS) to assess how proximity to coal-burning
power plants and socio-demographic factors are related to PM10 concentration, metal
concentrations, and fly ash exposure.
To explore this aim, the following will be done:
a) Assess the relationship between fly ash exposure, PM10 concentration, and
proximity to coal-burning power plants.
b) Assess the relationship between metal concentrations in PM10 and proximity to
coal-burning power plants.
c) Develop an Environmental Justice Index and assess its relationship with indoor
PM10, fly ash and metal exposure.

Hypothesis: Homes closer to the coal-burning power plants in areas of lower
socioeconomic levels will be more likely to have indoor fly ash and greater
concentrations of PM10. In addition, homes closer to coal-burning power plants will have
greater concentrations of metals that are most abundant in fly ash particles.
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Specific Aim 3:
To assess the relationship between PM10 concentration, fly ash exposure, and cognitive
control.
To explore this aim, the following will be done:
a) Assess the relationship between indoor fly ash exposure and BARS Continuous
Performance (CPT) and Selective Attention Test (SAT) measures.
b) Assess the relationship between indoor PM10 exposure and BARS CPT and SAT
measures.

Hypothesis: Children exposed to greater concentrations of indoor PM10 and fly ash will
have worse cognitive control, and thus, perform more poorly on the BARS Continuous
Performance and Selective Attention Tests than children exposed to lower concentrations
of PM10 and no fly ash found in air filters.

Specific Aim 4:
To assess the relationship between PM10 concentration, fly ash exposure, and deficient
emotional self-regulation (DESR).
To explore this aim, the following will be done:
a) Assess the relationship between indoor fly ash exposure and DESR.
b) Assess the relationship between indoor PM10 concentration and DESR.

5

Hypothesis: Children exposed to greater concentrations of indoor PM10 and fly ash will
be more deficient in self-regulation than children exposed to lower concentrations of
PM10 and found not to have fly ash indoors.

Specific Aim 5:
To assess the relationship between metal exposure and cognitive control using Bayesian
Kernel Machine Regression (BKMR) and linear regression models.
To explore this aim, the following will be done:
a) Identify metals in PM10 that are potentially related to BARS CPT and SAT
measures using BKMR.
b) Assess the relationship between concentrations of metals in indoor PM10 and
BARS CPT and SAT measures.
c) Assess the relationship between metal mixtures in indoor PM10 and BARS CPT
and SAT measures.

Hypothesis: Children living in homes with PM10 containing higher concentrations of
metals will commit more errors and have more variable reaction times on the BARS CPT
and SAT. Higher concentration of metals known to be neurotoxins, like manganese,
arsenic, chromium, and cadmium, will have the greatest impact on cognitive control.

Specific Aim 6:
To assess the relationship between metal exposure and DESR using Bayesian Kernel
Machine Regression (BKMR) and negative binomial regression.
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To explore this aim, the following will be done:
a) Identify metals in PM10 that are potentially related to DESR using BKMR.
b) Assess the relationship between concentrations of metals in indoor PM10 and
DESR.
c) Assess the relationship between metal mixtures in indoor PM10 and DESR.

Hypothesis: Children exposed to greater concentrations of metals in PM10 will be more
deficient in self-regulation than children exposed to lower concentrations of metals.
Higher concentration of metals known to be neurotoxins, like manganese, arsenic, lead,
and cadmium, will have the greatest impact on DESR because of the ability to disrupt
cognitive and behavioral control.
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III. LITERATURE REVIEW

1. Air Pollution Particulate Matter
Any fumes or particles suspended in the ambient air are classified as particulate
air pollution. Particulates can be produced through industrial or natural processes. There
are two types of particulate matter (PM), primary and secondary. Primary PM is a direct
result of an industrial or natural process. One example of a process producing primary
particles is emissions from smoke stacks. After the primary PM is produced, additional
chemical processes occur naturally as the particles travel through the atmosphere,
yielding secondary PM (20, 21).
PM is classified by aerodynamic properties. According to the EPA, all particles
with a diameter of 10 μm or less (PM10) are inhalable. PM10 is further broken down into
subcategories: coarse particles with a diameter 10 μm to 2.5 μm, fine particles with a
diameter less than 2.5 μm (PM2.5), and ultrafine particles with a diameter less than 0.1
μm. Many coarse particles are generated naturally from the Earth’s crust, through
industrial processes, and motor vehicle traffic. Fine particles are mainly produced from
combustion processes. These particles are able to absorb chemicals from the surrounding
environment and attach them to their surfaces often generating secondary particles of
sulfates and nitrates (20-23).
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All PM10 could potentially cause damage to human tissue when inhaled; however,
fine particles are able to travel deeper into alveolar-gas exchange regions of the lung and
pass through blood vessels to potentially affect various organ systems (20, 22). One of
the first studies to evaluate the health impacts of long-term exposure to PM was the
Harvard Six-Cities Study, a prospective cohort study initiated in 1974. This landmark
study demonstrated that the mortality rate of adults was strongly associated with levels of
fine particles in air pollution, even when adjusting for covariates (21, 24). Since that
publication, the body of evidence characterizing the negative health consequences of
PM10 exposure in adult populations has blossomed. Exposure to PM10 has been linked to
increased risk of lower respiratory symptoms, decreased lung function, and chronic
cough (23), chronic obstructive pulmonary disease (25), lung cancer mortality (26), sleep
problems (27), and cardiovascular problems (28) .
The EPA notes that children are among the population of people especially
vulnerable to adverse health effects from inhalation of PM10 (22). Studies have found that
due to children’s increased respiration rate and smaller lung size, children inhale a larger
dose of particulate matter compared to adults. An early study conducted in Utah by Pope
III et. al. (1992) found reduced peak expiratory flow and worse respiratory symptoms in
both symptomatic and asymptomatic children exposed to PM (11, 21). More recent
studies with children have found that PM10 exposure is associated with decreased lung
function (29), wheezing (30), asthma exacerbations (31), and sleep problems (32).
Prenatal exposure to PM has also been linked to low birth weight and preterm birth (33,
34).
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Components of coal combustion by-products are classified as PM10 and therefore
may be potentially hazardous when fugitive emissions escape into surrounding
communities. Evidence characterizing the relationship between PM exposure and
neuropsychological development will be discussed in depth in a subsequent chapter after
an introduction to coal fly ash.

2. Coal Fly Ash Production and Storage
Coal combustion used to produce electricity creates by-products known as coal
ash through a process called condense-volatilization. During this process, trace elements
initially found in the coal are not released, but instead concentrated into small coal ash
particles (35). The total concentration of trace elements including nickel, vanadium,
aluminum, arsenic, beryllium, cadmium, copper, zinc, lead, mercury, selenium, radon,
and molybdenum varies based on the amount originally contained in the coal (8, 9, 21).
Fly ash, the most predominant form of coal ash (80%), is composed of
combustible material that is carried by a flue gas stream until it cools and condenses into
smooth spherical particles (8). The unique shape of fly ash particles is due to a glass
matrix composed mostly of silicon, aluminum, iron, cadmium, and oxygen. Studies have
found that the exact size of fly ash particles varies, but the average range of respirable
particles is between 1.98 and 5.64 μm (9).
Sixty percent of the bottom ash and fly ash produced in the United States is stored
in piles, landfills, or holding ponds (8). These open forms of storage allow the fly ash
particles to be re-suspended into the ambient air, creating significant fugitive dust
emissions. In the Clean Air Act, the EPA defines these emissions as those that cannot
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“reasonably pass through a stack, chimney, vent, or other functionally-equivalent
opening” (36). Therefore, a fugitive emission can be any particulate matter, liquid, or
gases emitted by a facility that is not confined (36). As these particles travel through the
air, they can also attract new surface particles such as polycyclic aromatic hydrocarbons
(PAHs) (9, 21).
2a. Experimental and Occupational Studies Evaluating Coal Ash Exposure
A recent experimental study conducted by Smith et al. (2012) in which rats were
exposed through nasal inhalation only to coal ash particles suspended in air raise
concerns about occupational exposure to coal ash (37). After exposure to an
occupationally relevant dose of coal ash for four hours over a three-day period, the rats
accrued 32 μg of coal ash per rat, of which 25% was found in the head, 20% was in the
tracheobronchial region and 50% was found in the pulmonary tissue (37). Exposure to
coal ash significantly increased neutrophils in blood, lung tissue, and bronchoalveolar
lavage fluid. There was also a significant increase in macrophages found in the
bronchoalveolar lavage fluid (21, 37).
Early occupational studies conducted in the 1950s-1970s in populations of power
plant workers investigated the impact of coal ash exposure on respiratory health. No
conclusive evidence suggesting exposure to fly ash caused pneumoconiosis was found,
but some evidence supported a link between exposure to pulverized fly ash and decreased
lung function (38).
An early occupational study by Bencko et al. (1980) focused more specifically on
occupational exposure to metals in coal combustion power plants (39). This retrospective
study compared causes of death for workers in power plants combusting coal with high
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levels of arsenic to power plants combusting coal with lower arsenic levels. Bencko et al.
(1980) found that in facilities combusting coal with higher arsenic levels, deaths from
malignant tumors were more frequent in younger workers and individuals that had been
employed at the facility for a shorter period of time compared to similar workers in
facilities combusting coal with lower arsenic levels (39). Further investigation by Bencko
et al. (1988) found abnormal levels of various proteins in the blood of power plant
workers exposed to higher levels of arsenic (40).
More recent occupational studies have found that exposure to coal ash may cause
genotoxic effects and disrupt biological processes (41, 42). Zeneli et al. (2016) found
workers exposed to fly ash had significantly higher levels of arsenic, mercury, zinc, and
selenium in blood serum compared to healthy residents of a rural area (41). Workers also
had lower levels of superoxide dismutase and glutathione peroxidase, which could hinder
antioxidant defense mechanisms combating reactive oxygen species (41). The mixture of
metals found in the small coal ash particles may play a primary role in the genotoxic and
biological effects found in occupational studies (41, 42).

3. Coal Ash in Kentucky
Kentucky produces approximately 9 million tons of coal ash per year, which is the
fifth highest in the nation. Of Kentucky’s 43 coal ash ponds, 21 are over 25 feet tall or
contain over 500 acre-feet of coal ash (43). Current state/federal regulations exempt coal
combustion waste from being a hazardous waste, but classify it as a special waste. This
allows the coal ash to be used as ingredients in manufacturing products like cement,
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concrete, structural fill, and roofing granules. Coal ash that is not recycled in other
products is stored in surface impoundments and landfills (43).
3a. Description of Cane Run Station
The Cane Run station occupies 510 acres in southwest Louisville, and is owned
and operated by LG&E and KU Energy, LLC, which is a PPL Corporation. The powergenerating station was opened in the fall of 1954, and operated three units, constructed
1962-1969, and five newer combustion turbines. In 2015, Cane Run started using the first
natural gas-generating unit in the state, which will replace a majority of the 800
megawatts that had been produced by coal burning in the three old units. Approximately
1.5 million tons of high sulfur coal, primarily from western Kentucky and southern
Indiana, were used each year when Cane Run was operating all of the coal-burning units
(44-46).
The Cane Run Station has one landfill and one slurry pond for the storage of coal
ash. In tandem with the switch to natural gas, LG&E plans to cap and close both the
slurry pond and landfill by April 2017 (46, 47). Between 2011 and 2013, LG&E was
fined multiple times for fugitive dust and odors escaping from storage units into nearby
residential neighborhoods (48, 49).
The Cane Run surface impoundment is classified as a high-hazard dam due to its
size and proximity to residential neighborhoods, but it is currently considered “inactive”.
The ash pond is undergoing the process of being dewatered, covered, and seeded. While
in use, the surface impoundment stored fly ash, bottom ash, boiler slag, and flue gas
desulfurization solids. Despite being in the closure process there is still the risk for
fugitive dust from the ash pond due to wind erosion and dry conditions. In addition, there
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is risk for fugitive dust from mechanical and maintenance activities around the pond as
well as on paved and unpaved roads around the site (50). The Cane Run landfill became
inactive in October 2015 and thus does not have to report on activity related to dust
control (50).
3b. Description of Mill Creek Station
The Mill Creek Generating station, LG&E and KU Energy’s largest coal-fired
power plant, is located on 544 acres in southwest Louisville. The plant was completed in
the early 1970s in response to rapid urbanization in Louisville. Currently, Mill Creek
generates 1,472 megawatts of electricity by burning approximately 4.8 million tons of
coal each year in four units built in the late 1970s-early 1980s. All four units have
electrostatic precipitators and flue gas desulfurization to help reduce emissions (51).
Mill Creek has a surface impoundment and special waste landfill used to store
coal ash. The landfill contains approximately 12.985 million cubic yards of CCR and has
a maximum elevation of 598 ft. The surface impoundment consisting of five ponds has
been classified as a high-hazard dam due to its size and proximity to residential areas
(52). The volume and range in elevation of the CCR and water reported for the Ash
Treatment Basin, Construction Runoff Pond, and Clearwell Pond are in Table 1 (53-56).
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Table 1: Characteristics of Mill Creek Surface Impoundments
Pond
CCR
CCR
Water
Water
Volume
Elevation
Volume
Elevation
(million
(feet)
(million
(feet)
cubic yards)
cubic yards)
Ash
Treatment
Basin

Water
depth
(feet)

6.251

425 to 427

0.509

454.8

0 to 29

Construction
Runoff Pond

0.049

432 to 441

0.03

444.9

3.9 to 13

Clearwell
Pond

0.013

436 to 445

0.034

454.7

9.7 to 19

Mill Creek has identified five potential sources of fugitive dust emissions: fly ash
handling, landfill, unpaved roads, paved roads, and surface impoundments. Fly ash is first
collected in bins via an enclosed blower system located on the southwest side of the
plant. After collection, the fly ash is prepared for transportation using wet or dry
methods. For fly ash being transported to the landfill, it is combined with water and
transported in an open top truck. Dry fly ash being transported off-site is loaded into an
enclosed truck using an air chute. Fugitive dust may be generated during this process
while transfer of material and truck loading occurs. Fugitive dust may also be released
from the landfill due to erosion by wind and mechanical activity around the landfill.
Paved and unpaved roads can be sources of fugitive dust emission due to vehicle traffic
on dry road conditions where CCR material has fallen out from transportation vehicles.
Fugitive dust can escape from surface impoundments when they become dry and with
windy conditions. In addition, activities related to the mechanical maintenance of the
landfill can release fugitive dust (52).
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The EPA requires coal ash storage facilities to implement, document, and publish
measures taken to reduce fugitive dust emissions and maintain integrity of storage units
to prevent contamination of the environment (57).

4. Metals in Coal Fly Ash
Because fly ash contains harmful trace metals like manganese, arsenic, lead, and
cadmium, the potential for environmental contamination due to leaching from storage
units is of great concern (8, 58). The leachability of metals from fly ash particles can be
affected by the pH of the surrounding environment and availability of metals in the fly
ash particle matrix (35). Flues et al. (2013) found that the availability of metals in fly ash
particles was different from the total concentration of metals and varied from that of coal.
A majority of metals, including cadmium and aluminum, had higher availability in coal
than coal ash; however, coal ash contained higher availability of arsenic and
molybdenum. The most available metals (greater than 40%) in the ash particles were
arsenic, cadmium, and molybdenum. Arsenic in particular was found to have a higher
availability in coal ash particles than coal (21, 35). Analysis of the metal composition of
coal fly ash leachate found the most predominant constituents to be sodium, silicon,
potassium, calcium, magnesium, iron, manganese, zinc, and sulphate. Experimental
research evaluating the potential effects of the leachate suggests the mixture has the
potential to be genotoxic to vegetation and humans (59).
The leaching of toxic metals was of particular concern after the failure of a
storage dike-pond that occurred at the Tennessee Valley Authority Kingston Fossil plant
in December of 2008. Over 4.1 million cubic meters of coal fly ash was released into the
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surrounding area covering 300 acres and contaminating the Emory River (60). Before
dredging, Bednar et al. (2013) analyzed water samples from the Kingston site and found
toxic metals including arsenic, selenium, barium, manganese, and molybdenum.
Dredging reduced levels of these metals in the environment, but it did not completely
remove them (5, 21).
Even when large spill events do not occur and leachate is not of concern, some
evidence suggests residents of areas surrounding coal-burning power plants are exposed,
prenatally and during childhood, to neurotoxins associated with developmental and
cognitive delays in children (61, 62). Coal consumption was found to be a primary
contributor to lead-containing PM, while PM levels were significantly related to the
blood lead levels of Shanghai children living near coal-burning facilities (61). In addition,
prenatal exposure to polycyclic aromatic hydrocarbons (PAH) in areas surrounding a
coal-burning power plant in Tongliang, Chongquing, China was found to be associated
with decreased motor and language development (62).

5. Children’s Exposure to Metals and Particulate Matter and Brain Development
The effect of chronic fly ash inhalation on children has not been studied
extensively; however, research evaluating how other PM of similar size enter and impact
the body raises concerns about the ability of fly ash to act as a vehicle for neurotoxic
metals to enter the bloodstream and brain.
In experimental models, some PM has been found to pass directly through the
nasal olfactory pathway into the circulatory system and brain (63, 64). Other particulates
that are inhaled are deposited in the lungs and leach genotoxic compounds that activate
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macrophages and epithelial cells in the alveolar. This immune response creates elevated
levels of inflammatory markers, cytokines, and reactive oxygen species that induce
fibrosis (38). After PM accumulates in the lungs, it may also penetrate into the
capillaries, enter the bloodstream, and impact biological mechanisms beyond the
respiratory system. Chronic exposure to PM has been found to cause chronic
inflammation and elevated levels of cytokines in the body and brain increasing the risk
for central nervous system (CNS) disease (21, 63, 64).
Children’s developing brains are at great risk for exposure to neurotoxic PM and
metals circulating in the bloodstream because the blood-brain barrier is not fully formed.
The brain is one of the last organs to fully develop and during periods of rapid growth the
brain and central nervous system is especially susceptible to damage from neurotoxins,
even at low levels that may not be harmful to adults (18, 65-67). Children are also at
greater risk for experiencing neurotoxic effects compared to adults because their stilldeveloping metabolic pathways are less efficient at breaking down and excreting toxins
(18). Both prenatal and postnatal exposure to PM, metals, and other neurotoxic industrial
chemicals may disrupt normal brain development and maturation leading to functional
impairments (65).
Calderon-Garciduenas (2008) conducted a case control study comparing the
cognitive function and brain abnormalities of children and dogs from Mexico City, a city
with PM and ozone levels well above the USA National Ambient Air Quality Standards,
to a nearby city with low pollution levels. Participants had no health conditions or risk
factors for mental or cognitive conditions and were all considered to be of a middle class
socioeconomic level. When adjusting for age and gender, children living in Mexico City
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had significantly more cognitive deficits than those living in the less polluted city. In
addition, more children and dogs in Mexico City had white matter lesions in the
prefrontal cortex. Furthermore, there was an upregulation of inflammatory genes in the
white matter of the dogs’ frontal cortex. Ultrafine particles were also found in the dogs’
frontal lobes demonstrating the ability of the particles to pass the blood-brain barrier and
potentially contribute to the neuroinflammation in the frontal cortex (68). More recent
pathology studies conducted by Calderon-Garciduenas (2016) of postmortem children
found that PM specifically targeted the prefrontal cortex and nanoparticles accumulated
in cells (69).
The impact of the particles on the surrounding tissue can vary based on the PM
composition, and particles containing metals may be especially neurotoxic (69). High
concentrations of metals commonly found in PM, including manganese, nickel, and
chromium, were found in the frontal cortex and associated with neuroinflammation in
children exposed to high levels of PM air pollution (69). In studies evaluating the
neurophysiological effects of childhood lead exposure, observations have noted
decreased brain volume, connectivity, and metabolic content capable of disrupting
cognitive and behavioral functions (18). Children’s exposure at school to PM with copper
was also been found to be associated with reduced functional connectivity of the frontalbasal ganglia circuits (70).
Historically, recognition of chemicals as neurotoxins has resulted after severe,
adverse outcomes were observed in workers exposed to high doses. These findings
usually led to subsequent experimental and observational studies eventually recognizing
that toxic effects occur, especially for children, at much lower levels of exposure than
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those observed in occupational studies. Epidemiologic studies evaluating the
neuropsychological impact of exposures to industrial chemicals are crucial to identifying
previously unrecognized neurotoxins because they are able to detect smaller, but still
significant, impacts on neurodevelopment and cognitive functioning (18, 65).
Epidemiological studies have provided a majority of the scientific evidence of an
association between exposure to various neurotoxins and problems with cognitive control
and self-regulation. These studies will be discussed in a subsequent chapter after a brief
introduction to the neuropsychological outcomes.

6. Self-Regulation
Margolis and colleagues (2016) conceptualize self-regulation as “successfully
achieving control in cognitive, behavioral and emotional domains” (pg.852), which is a
helpful construct for understanding and assessing self-regulation in environmental
epidemiology studies (71). The prefrontal cortex is essential for generating processes
related to attention, inhibition, behavior, and emotion, and therefore, critical for achieving
self-regulation (71, 72),(73). A vast network of circuits allows the prefrontal cortex to
control posterior cortical and subcortical areas, the basal ganglia, and cerebellum through
top-down regulation (72).
If exposure to PM containing metals targets and disrupts development of circuits
in the prefrontal cortex during adolescence, then it can be hypothesized that this
disruption could cause functional deficits in regulation of cognitive control and executive
function resulting in impaired self-regulation. Thus, assessment of cognitive control
individually and in combination with control in behavioral and emotional domains, may
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serve as useful psychological measures of neurotoxic damage to functioning of the
prefrontal cortex.
6a. Cognitive Control
Cognitive control is a set of processes involved with the execution and
maintenance of desired behaviors while inhibiting inappropriate responses (71). These
processes may be assessed by evaluating performance on neuropsychological tests of
attention and inhibition.
Attention. Attention refers to the process of devoting resources to that which is
essential to reaching goals, focusing on and switching between tasks, or coordinating
responses to carry out plans. The prefrontal cortex (PFC) is critical to the ability to
sustain attention during tasks that may be interpreted as “boring”—i.e. when there are
long delays between presentations of stimuli (73). The PFC controls sustained attention
through top-down regulation of a vast network of connections with areas of the brain
receiving sensory inputs. Control of sensory input allows the PFC to suppress stimuli that
are irrelevant and process stimuli essential to completing tasks (73). The PFC interacts
through tightly regulated processes with subcortical areas, the caudate nucleus and basal
ganglia to control experiences requiring attention. Thus, lesions to the frontal cortex, like
those found by Calderon-Garciduenas (2008), could disrupt these connections resulting in
increased distractibility and impaired concentration (68, 72).
Response Inhibition. Inhibition can refer to the process of suppressing or delaying
inappropriate actions (74-76). The ability to inhibit the impulse to act, which involves
both the decision to inhibit an action and the act of suppression, can be measured by
assessing response inhibition (76).
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Evidence from neuropsychological studies using neuroimaging and transcranial
magnetic stimulation indicate the initiation of the stopping process occurs when sensory
information about a stop stimulus is received in areas of the right prefrontal cortex, which
generates a signal to the basal ganglia (77, 78),(75, 79). In addition, evidence suggests
activation of the pre-supplementary motor area (pre-SMA) occurs to generate a physical
response (80, 81). The exact role of the PFC, basal ganglia, and pre-SMA in generating
an inhibitory response are unknown, however, deficiencies and abnormalities in size,
shape, glucose metabolism, blood flow, and brain activity in these areas of the brain have
been noted in disorders with inhibitory deficits (75).
It is generally understood that the ability to sustain attention and stop or suppress
an action or thought is critical for self-regulation, and the inability to do so is a
characteristic of multiple childhood disorders including ADHD and Conduct Disorder
(75, 76).
Continuous Performance Test. Neurotoxic exposures can have profound impacts
on neurobiological systems but may not result in behaviors that reach diagnostic criteria
for any specific disorder. For this reason, it is important to assess subclinical impacts of
exposure on neuropsychological measures of cognitive control, such as attention and
response inhibition (18). One of the most commonly used tasks to assess brain
abnormalities causing combined attention and response inhibition problems is the
Continuous Performance Test (CPT) (82).
The CPT was first developed in 1956 to compare problems with sustained
attention between brain-damaged and non-brain-damaged individuals (83). Since its
invention, the CPT has been adapted for administration through various formats to
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different study populations. A computerized version of the CPT is contained in the
battery of neuropsychological tests of the Behavioral Assessment and Research System
(BARS) developed by Dr. Diane Rohlman (84). The BARS consists of a computer
program and a 9BUTTON response keyboard that rests over the keyboard of a standard
laptop computer. The software was developed to provide instructions to children for
completing the tasks (84). Outcome measures, including errors of omission and variation
in response time from the CPT, can be used to assess attention problems.
The CPT can also be used to assess response inhibition by measuring a subject’s
ability to inhibit an initial prepotent response to an event (82). According to Barkley
(1997), a prepotent response is, “ that response for which immediate reinforcement
(positive or negative) is available or has been previously associated with that response”
(74). Using this framework for understanding response inhibition, errors of commission
and variation in response time are able to assess inhibition by evaluating a subject’s
failure or delay in performing a prepotent response (76). It can be difficult to separate
problems with attention from response inhibition using the CPT since both can
indiscriminately impact performance on tests of attention (85). Thus, performance on all
CPT outcome measures will be used in this dissertation as a general assessment of
attention processes related to cognitive control.
6b. Behavioral and Emotional Control
Behavioral control is a set of motor processes that inhibit the urge to carry out
acts without consideration of the consequences (71). These processes can be evaluated by
assessment of aggression. Emotional control refers to mental processes that amplify,
regulate, and maintain a steady emotional state so an individual does not constantly

23

experience one extreme emotion or oscillate rapidly between extreme emotions (71, 86).
To assess these processes, characteristics of children’s mood, including anxiety and
depression, can be evaluated (71). Various circuits of the PFC are believed to play a role
in the regulation of emotions, and the ability to control emotions may be crucial for
behavioral control (86).
Emotional, behavioral, and cognitive control can be assessed in combination by
evaluating emotional self-regulation. Deficient emotional self-regulation (DESR) is
characterized by deficits in regulation of physiological arousal to strong emotions (87,
88). In addition, problems with emotional self-regulation include difficulties redirecting
attention from strong emotions and coordinating responses to emotional activation.
Symptoms of DESR include impatience, inattention, as well as becoming easily angered,
frustrated, or excited (88). DESR can be assessed using the Child Behavior ChecklistDESR (CBCL-DESR) score, which is a combined score of Anxiety/Depression,
Aggression, and Attention scales that profile overall self-regulation (87, 88).

7. Epidemiologic Studies Evaluating Cognitive Control and Self-Regulation in
Populations Exposed to Particulate Matter and Metals
7a. Particulate Matter
Indoor PM exposure can originate from various outdoor sources including trafficrelated pollution and industrialized outdoor environments. Many recent studies have
evaluated the association between exposure to PM primarily related to vehicle traffic and
problems with attention, hyperactivity, or cognitive control (89, 90). In the majority of
these studies, personal exposure to PM has often been estimated using proximity to
roadways and/or fixed outdoor monitors to identify areas of higher traffic-related
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pollution (89). In an early study conducted in China, children attending schools in areas
with higher density of traffic were found to perform more poorly on the CPT (90).
However, many more recent studies evaluating the relationship between cognitive
control, ADHD, and exposure to PM from traffic-related air pollution, have led to largely
inconclusive results (89, 91).
A study conducted by Saenen et al. (2016) used various methods to assess and
compare recent versus chronic indoor and outdoor exposure to PM and neurobehavioral
performance of school-aged children (n=310) in grades three to six (92). PM10 levels in
schools were measured using portable devices to estimate children’s recent exposure in
the classroom. Past and present data from fixed monitoring stations and spatial temporal
interpolation methods were used in order to estimate outdoor exposure at children’s
homes. A battery of neurobehavioral tests, including the CPT and Stroop test to evaluate
attention and cognitive control, was performed at two different time points. The recent
exposure assessment was conducted up to two days before the neurobehavioral tests
while the chronic exposure was defined as the annual mean exposure for the year prior to
testing. Children’s recent indoor exposure to PM10 and PM2.5 at school was significantly
related to poorer performance on the Stroop test (change in msec of response time per
interquartile range increment of PM exposure: PM10: β= 42.7; 95%CI= (-0.40, 85.8);
PM2.5 β= 50.2; 95% CI= (8.55, 91.8)), but not significantly related to performance on the
CPT. Recent estimated outdoor PM exposure was not significantly related to scores on
the Stroop or CPT tests; however, chronic estimates of outdoor residential PM10 and
PM2.5 exposure were significantly associated with response times on both the Stroop test
and CPT (92). These inconsistent results may be due to differences in the effects of
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chronic versus recent PM exposure on attention; however, it may be just as likely that the
difference in exposure measurement techniques results in some exposure
misclassification.
Overall, there is a need for more research on the impact of indoor PM exposure
and neurobehavioral outcomes, and the relationship with socioeconomic factors (89).
Few studies have characterized indoor air exposure to PM and assessed the association
with problems related to cognitive control and self-regulation.
7b. Metals
A majority of research has focused on neurobehavioral outcomes associated with
exposure to specific metals commonly found in PM, such as lead, arsenic, cadmium, or
manganese.
In a study of 1,001 children in South Korea, Hong et al. (2015) found blood-lead
levels to be significantly associated with errors of commission on the CPT and variability
in response time in unadjusted statistical models (93). When adjusting for demographic
factors and IQ, children with higher blood-lead levels committed significantly more
errors of commission (β= 13.86; 95% CI= (1.82, 25.89)). However, this relationship was
attenuated when the model was adjusted for a variable indicating the presence of other
environmental pollutants found in the urine (β= 12.27; 95% CI= (-0.08, 24.62). No
significant relationship between measures of inattention and blood-lead levels was
observed (93).
In a study of 1,001 children, Bhang et al. (2013) evaluated the association
between low and high blood-manganese levels and errors of commission and omission on
the CPT. In both unadjusted and adjusted models, there was no significant relationship
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between low manganese levels and errors of commission. However, high levels of bloodmanganese was significantly associated with increased number of commission errors on a
computerized CPT ((High Mn (>21.45 compared to normal 8.14<Mn<21.453),
unadjusted (B=8.05; p=0.05); adjusted for demographic factors, IQ, and cotinine levels
(B=8.02; p=0.048)(94). Bhang et al. (2013) did not find a significant relationship
between blood-manganese levels and errors of omission or the CBCL externalizing
behavior score, which includes the aggression subscale (p=0.34) (94).
In contrast to lead and manganese, studies evaluating exposure to arsenic and
cadmium have found inconsistent associations with neurobehavioral performance.
Rodriguez-Barranco et al. (2015) evaluated the association between urine-arsenic levels
and sustained attention using BARS in 261 children. No significant association between
commission or omission errors and urine-arsenic levels was observed on the CPT or
SAT. However, children with greater levels of arsenic were found to have significantly
longer response times on the BARS SAT (95). In a separate study of 259 children,
Rodriguez-Barranco (2014) found no association between cadmium levels in urine or hair
and commission errors, omission errors, or response time on the BARS CPT or SAT (96).
A review by Sanders (2015) found only three studies have evaluated the
association between mixtures of metals and behavioral outcomes related to attention,
response inhibition, or behavioral control outcomes (97). In these three studies,
biomarkers of exposure were measured in a variety of ways, including blood, hair, or
urine. All of the three studies, Boucher (2012), Ciesielski (2012), and Khan (2011),
assessed binary combinations of lead with mercury, cadmium, or manganese; none
assessed the effects of more than two metals (97-100).
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Boucher (2012) evaluated pre- and postnatal exposure to lead, PCBs, and mercury
in the umbilical cord and blood of children and the association with event-related
potentials recorded during tasks used to assess response inhibition, as well as behavioral
outcome measures. Interactions between lead with PCBs or mercury were observed when
evaluating the association between prenatal exposure and response inhibition. A
significant association between commission errors on a go/no-go task and current bloodlead levels was observed. Blood-lead level was found to significantly impact brain
activity, and this relationship was significantly affected by methlymercury exposure.
Children with lower levels of methylmercury exposure had increased effects of bloodlead levels on brain activity (100).
Ciesielski (2012) used NHANES data to evaluate the association between parents’
response to the question, “Has a representative from a school or health professional ever
told you that the child had attention deficit disorder?” and urinary cadmium levels. The
effects of a cadmium-lead interaction on the relationship between cadmium and parentreported ADHD was also assessed. There was no significant association between parentreported ADHD and urinary cadmium level, and the interaction between blood-lead and
cadmium was not significant (98).
Khan (2011) evaluated the relationship between blood-arsenic and manganese,
urinary arsenic, as well as arsenic and manganese levels in well water in a sample of 201
children in Bangladesh. While levels of arsenic in water, urine, and blood were strongly
correlated, levels of manganese in water and blood were not. Externalizing behaviors
were assessed using the Child Behavior Checklist-Teacher Report Form. There was no
significant association between arsenic levels in water or blood and externalizing
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behaviors. There was, however, a significant association between manganese levels in
water and externalizing behaviors in a model adjusted for demographics, maternal
education, BMI, arm circumference, and arsenic (B=2.59; 95%CI= (0.81, 4.37)). There
was no significant interaction between arsenic and manganese water levels (99).
These investigations provide some inconclusive evidence and illuminate gaps in
the scientific literature assessing the association between exposure to PM, metals, and
problems with cognitive and behavioral control in children.
7c. Research Gaps in Exposure Assessment
Characterizing indoor exposure to PM and metals is important, especially for
children living in urban and industrialized areas. Recent studies have relied heavily on
methodological designs that utilize model estimations of personal PM exposure from
fixed outdoor monitoring stations, or use of outdoor ambient air pollution data to identify
exposed and comparison populations (89, 91, 92). Both of these methods could result in
exposure misclassification when attempting to estimate individuals’ indoor exposure.
In addition, many of the recent studies evaluating the association between
exposure to metals and attention or behavioral problems in children consider the primary
route of exposure to be through ingestion (16, 99). While the primary source of exposure
to cadmium, manganese, lead, and arsenic during childhood is through ingestion, these
metals and more also bind to PM in ambient air pollution and inhalation of these particles
poses a public health threat (97). In addition, children living near fly ash storage may be
exposed to an even greater concentration of particles naturally containing these metals.
Exposure to metals via inhalation could present different levels of neuropsychological
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risk than exposure via ingestion due to the ability of PM containing metals to potentially
pass from the lungs and airway directly into the circulatory system (63, 64).
Few studies have looked at the neurobehavioral impact of exposures to mixtures
of metals (97). Children are often exposed to mixtures of metals simultaneously; thus,
considering the neuropsychological effects of only one metal at a time may not accurately
reflect real-life exposure, especially in urban and industrialized areas. It is important to
evaluate the potential interactions or synergistic effects of metal mixtures and non-linear
relationships between exposures and neuropsychological effects (97, 101).
Utilizing indoor air sampling techniques and more advanced statistical methods
could help clarify why some studies only assessing exposure to one metal at a time can
lead to inconclusive results in different populations.
7d. Research Gaps in Assessment of Neurobehavioral Outcomes
In addition to the limitations related to exposure estimates, use of interviews
about behaviors instead of neurobehavioral tests to assess cognitive performance may
also lead to inadequate assessment of behavior and cognitive control. Few studies have
evaluated the association of neurotoxic exposures with both neurobehavioral measures of
cognitive control and parent-reported behavior measures. Using only parent-reported
instruments that align with diagnostic criteria may result in an under-detection of
significant neurobiological impacts from neurotoxic exposures. Assessing both
neuropsychological measures and behaviors may allow for the better detection of
subphenotypes or endophenotypes missed when only assessing diagnostic categories
(18). Using objective measures like neuropsychological assessment tests may also be less
subjective than parent- or teacher-reported behavior.

30

The construct of self-regulation used by Margolis (2016) to evaluate the
relationship between an environmental exposure and neuropsychological outcomes is
novel in epidemiological studies (71). The CBCL-DESR score provides an adequate
overall assessment of cognitive, emotional, and behavioral control. Children with DESR
and ADHD may experience worse long-term implications, more dysfunction, and more
psychiatric co-morbidity (88). Therefore, it may be especially important to assess DESR
in populations, like those living near coal ash in southwest Louisville, Kentucky, with
high self-reported prevalence of ADHD (Sears and Zierold, unpublished).
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IV. METHODS
The ongoing community-based study, funded by the National Institute of
Environmental Health Sciences (Grant number: R01ES024757), is conducted by a multidisciplinary team including an environmental epidemiologist, health geographer, nurse,
and psychologist. Since 2011, the principal investigator of the study, Dr. Kristina Zierold,
has had a working relationship with leaders in the community and experienced success
with recruiting participants for mixed-method studies. Since 2012, I have voluntarily
participated in community meetings and recruitment of study participants. I have
experience working with the community leaders and conducting a cross-sectional health
survey in the community. Institutional Review Board approval for this study was
obtained from the University of Louisville IRB NUMBER: 14.1069.

1. Participant Recruitment and Enrollment
For the five-year study, 300 children living within a 10-mile radius from a
centroid between the two coal ash storage facilities will be recruited. For this analysis, 78
participants were recruited between September 2015 and December 2016. Utilizing GIS
methods, buffers at two-mile intervals surrounding the centroid have been divided into
four wedge-shape quadrants resulting in a total of 20 different sampling units at varying
distances and directions from the coal ash storage locations. In each sampling unit,
parents and children were recruited by working with community leaders to distribute
fliers door-to-door. In addition, fliers and an introductory letter were mailed to residents
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in the recruitment area. Addresses of families with children that may be eligible for the
study were obtained from LeadsPlease.com. Families were sent a letter explaining the
study, as well as the same fliers that were distributed door-to-door. Recruitment occurred
in all quadrants during all four seasons to assess the differences in exposure by season.
Parents of children (ages six to 14 years) interested in participating in the study
were instructed to call the principal investigator or study cell phone. When the parent
called, a brief overview of the study was given and an initial appointment was scheduled
for the research study team to meet with the participant in their home. During the initial
meeting, research team personnel explained the study in detail and if the parent and child
met eligibility criteria, consent and assent were obtained. At the initial meeting the indoor
air sampler was set up and lift samples were collected. The parent was also provided a
folder with instructions for cutting nails, the Home Cleaning Questionnaire, the
Environmental Health History Questionnaire, as well as the Child Behavior Checklist. In
addition, an appointment was made for the psychologist to come into the home during the
week while the air sample was being collected. After the indoor air sampling and
neuropsychological testing, a nurse collected biometric measures, conducted a pediatric
health history interview, and conducted a home environment assessment at a follow-up
visit.
Participants that were recruited and completed all phases of the study between
September 2015-Decemeber 2016 are included in this dissertation.
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2. Exposure Assessment
2a. Measures of Indirect Exposure to PM10 and Metals Inside the Home
Indoor Air Sampling. One continuous sample of PM10 of the indoor air was
collected for approximately a week. Personal Modular Impactors (PMI) (SKC, Inc) with
polycarbonate membrane filters were placed in the main living area of each child’s home,
1-1.5 meters above the ground, to simulate the breathing zone of the child. No smoking
was allowed in the home during the sampling period.
After the sample period, the impactors were collected and gravimetric analysis
was conducted to estimate the mass of PM10 collected on the polycarbonate membrane
filter. The membrane filter was placed in a sealed holder and stored until it was shipped
to Elemental Analysis, Inc. in Lexington, Kentucky for further analysis. The presence and
elemental distribution of metals was determined in the air sample using Proton Induced
X-Ray Emissions (PIXE).
In PIXE analysis, a proton beam is used to excite inner shell electrons in atoms of
elements. Once the electrons are excited, they are expelled, leaving the shell vacant so
that electrons from outer shells drop into the inner shells. Since the outer shells have a
higher energy state, an x-ray is released when the electrons drop to the inner shell. The
energy of x-rays released is proportional to the mass of the element and thus measuring
the energy released can identify the elemental composition (102).
After PIXE, Optical Microscopy was used to visualize and capture the
morphology of particles on the filter. If the presence of smooth spherical particles was
noted on the filters, then the image of the particles was sent to the principal investigator.
If the principal investigator determined that the particles could be coal ash based on the
size and uniquely smooth spherical shape, then the sample underwent Scanning Electron
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Microscopy with an Energy Dispersive X-ray Analyzer (SEM-EDX) to further determine
presence/absence of fly ash and the elemental composition of the fly ash particles. SEM
uses a focused electron beam to construct a topographical image of particles’ surfaces.
Next, EDX is used to characterize the elemental composition of the particles. EDX
identifies the composition of the particles based on the x-rays generated when hit with the
electron beam. SEM-EDX can produce higher magnification at better resolutions than
other microscopes, allowing for a more detailed visualization of the particle surface and
its composition.
In addition to the PMI that was placed in participants’ homes for a week, a
continuous particle monitor called an EPAM was placed in homes in order to obtain
continuous measurements of particles. The EPAM took a sample every minute.
Lift Sampling. The presence and elemental concentrations of metals and fly ash
on surfaces in the child’s bedroom were also measured using Stick-To-It Lift Tape (SKC,
Inc). Three standard locations, a bedframe, window, and dresser, were identified in each
participant’s room. Dust particles that contact the adhesive area stick to the lift tape and
the elemental profile of fly ash in the dust sample was analyzed using SEM-EDX.
2b. Measure of Direct Exposure to Metals
Toenail and Fingernail Samples. Toenails and fingernails from children were used
to assess metal body burden. The slow growth-rate of nails allows samples to be a useful
non-invasive measure of long-term exposure to metals commonly found in coal ash.
Parents were asked to begin collecting their child’s toenails and fingernails during the
initial phone conversation, prior to the initial visit. During the initial visit, any nails the
child had already cut were collected, in addition to any nails the child could collect
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during the visit. For each participant, approximately 150 mg of nails were collected over
the course of several months.
Once the total amount of nails was collected they were cleaned using one acetone
wash and two deionized water washes. The nails were then dried and weighed a second
time before being placed in a container to take to Elemental Analysis, Inc. for further
analysis. At Elemental Analysis, Inc., individual’s nails were cryogenically frozen,
ground, and bound with a natural binding agent into a 3/8-inch pellet. The pellet was then
analyzed by PIXE to determine the amount and type of elements in the sample.

3. Assessment of Cognitive Control and Deficient Emotional Self-Regulation
Behavioral Assessment Research System (BARS). Cognitive control was assessed
using the BARS Continuous Performance Test (CPT) and Selective Attention Test
(SAT). These computerized tests have been developed to evaluate neurobehavioral
performance in children and adults exposed to environmental toxins (84). The system
involves a 9BUTTON keyboard that is set over the keyboard of the laptop. All spoken
instructions and reinforcements are standardized throughout the program.
CPT. The CPT was the first test administered in the battery of BARS tests. During
the exam, a series of stimuli were presented and the child was instructed to only press a
key when a single target appears. The test was set at a 20% target circle and lasted
approximately eight minutes. While the test was being conducted, the computer system
was recording the reaction time, errors of omission (failure to respond to target), and
errors of commission (responding to non-target). Output from the CPT also included a d-
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prime variable, which is a measure of the participant’s ability to detect targets from nontargets. The reliability for the correct latency measure was found to be 0.79 (103).
SAT. The SAT was the second test administered in the battery of BARS tests. In
the SAT, two boxes appear on the screen, one on the left and one on the right. The child
is asked to press one button with their left hand when a dot appears in the box on the left
and press a button with their right hand when a dot appears in a box on the right side of
the screen. When the dot appears outside of both boxes, the child is instructed to not press
any button. The test was set at 80% target circle and lasted approximately one minute.
The computer system records average response latency, number of correct and wrong
responses both during instructional periods and during the test.
A child psychologist administered the BARS in the evening hours during
weekdays at the child’s home. For each assessment, another member of the research team
was also present to record observations of the child during testing. Along with the CPT
and SAT, the child also completed the BARS Symbol-Digit, Finger Tapping, Digit Span,
and Matching-to-Sample Tests. Prior to the administration of the BARS, the child
completed the Purdue Pegboard test to assess dexterity, the Beery-Buktenica
Developmental Test of Visual-Motor Integration, and the Object Memory Test. The
assessments were generally completed at a table with the child comfortably seated.
Child Behavior Checklist (CBCL). The CBCL is a parent-report instrument to
assess cognitive, emotional, and social problems. The CBCL is left with the parents or
guardians for approximately one week and returned upon completion. Based on parents’
responses to the 124-item questionnaire, t-scores are calculated using standardized norms
for age and gender. If a participant scores in the clinical or borderline range on any of the
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CBCL subscales, then the child psychologist followed-up with the parents or guardians of
the participant by conducting a Structured Clinical Interview for Diagnosis of DSM
Disorders (SCID).

4. Nurse Home Visit
After air sampling was completed a nurse scheduled an appointment with the
parents to visit the home. The nurse’s visit took approximately one hour to complete.
While at the home, the nurse measured the participant’s height, weight, oxygen levels,
and blood pressure, as well as completed the Child Health History Interview and
Environmental Home Assessment.
Child Health History Interview. The Child Health History Interview form
included demographic information about the participant and parents, current and past
diseases and medical problems, details about past hospitalizations, current medicationsprescription and over-the-counter, parents’ perception of health and behavior,
immunizations, details of complications and use of substances during pregnancy and
delivery, breastfeeding, early childhood development, the child’s current participation in
school activities and behavior at school and at home, and a brief health history for
immediate family living in the home.
Environmental Home Assessment. The Environmental Home Assessment
collected information about the characteristics of the home: type of house, age of home,
type of foundation, number of floors, sources of heating and cooling, the presence of
indoor pollutants (presence of molds, lead-based paints, asbestos, radon, environmental
smoke), the nurse’s assessment of the cleanliness of the home environment, details of the
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participants sleep environment (number of beds in room, allergens, pillows, bedding,
flooring, etc), and home safety (renovations, lighting, poison control, fire hazards,
appropriate storage of chemicals and hot liquids, window guards, etc.).

5. Study Questionnaires
Parents or guardians of the participants completed the Environmental Health
History and Home Cleaning Questionnaires. The questionnaires were left with the parents
or guardians for approximately one week and returned upon completion.
Environmental Health History. The Environmental Health History Questionnaire
contained 108 questions with sections about: characteristics of the home - 23 questions;
children’s exposure behaviors - 10 questions; cleaning methods and supplies - 10
questions; use of pesticides, insecticides, herbicides - six questions; food and water
sources - six questions; hobbies done in the home - six questions; parents’ occupations 11 questions; surrounding hazardous sites - five questions; and pregnancy - 28 questions.
The questions had multiple-choice fill-in bubbles with either Yes/No or Likert Scale
(Never, Rarely, Sometimes, Frequently, As much as possible) response options.
REMARK OMR software was used to scan the data and convert it into Excel files.
Home Cleaning Questionnaire. The Home Cleaning Questionnaire contained nine
multiple choice questions with fill-in bubbles. The questions were about frequency and
methods used to clean the home in general, and the child’s bedroom specifically.
REMARK OMR software was used to scan the data and convert into Excel files.
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6. Statistical Methods
The overall objective of this study was to investigate exposure to fly ash, PM10, as
well as metals, and assess the relationship with cognitive control and DESR in children
living near coal-burning power plants. Overall, data from 78 participants enrolled in the
study between September 2015 and December 2016 were considered for inclusion in this
analysis. Three participants were excluded from the study because they did not complete
all phases of the study. One additional participant was excluded from the analysis for
Specific Aim 1 and 2 because the participant lived far beyond the study area therefore
calculation of the EJ Index and assessment of the impact on distance from the power
plants on exposure was not appropriate. Thus, the sample size for Aim 1 and Aim 2 is n=
74 participants and the sample size for Aim 3 through Aim 6 is n= 75 participants.
Specific Aim 1: Characterize indoor fly ash, PM10 concentration, and metal exposure
in homes throughout Louisville, Kentucky.
Subaim (1a): The presence of fly ash indoors was determined from the indoor air
samples. If any fly ash particles were found on the air filter, then the participant’s home
was classified as “Fly Ash Present”. If no fly ash was found on the air filter then the
participant’s home was classified as “No Fly Ash Present”. SEM-EDX analysis of fly ash
particles was used to identify and quantify concentrations of metals and other elements
most commonly found in fly ash particles. Descriptive statistics were calculated to
characterize the composition of elements above the limit of detection (LOD) in fly ash
particles.
Subaim (1b): PM10 concentration from air sampling conducted over one week was
determined by gravimetric analysis. Descriptive statistics and Wilcoxon Rank-Sum p-
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values were calculated to compare PM10 concentrations in homes with fly ash present to
homes with no fly ash.
Subaim (1c): Metal concentrations in PM10 were identified and quantified using
PIXE analysis of the air filters. The concentrations of neurotoxic metals commonly found
in fly ash (aluminum, arsenic, chromium, manganese, silicon, and titanium) were
assessed in the overall PM10 sample from the air filters. For Specific Aim 1, the LOD was
assigned for values below the LOD as a preliminary technique for assessing the
distribution of exposure and summary statistics. Assigning the maximum possible
concentration for values below the LOD biases the sample mean high, but provides a
starting point for characterizing potential relationships between exposure and geography.
The concentrations of these metals in PM10 were compared for homes with fly ash to
homes without fly ash. Descriptive statistics and Wilcoxon Rank-Sum p-values were
calculated to compare metal concentrations in homes with fly ash to homes without fly
ash.
Specific Aim 2: Use Geographical Information Systems (GIS) to assess how proximity
to coal-burning power plants and socio-demographic factors are related to PM10
concentration, metal concentration, and fly ash exposure.
Subaim (2a): The geographical information system (GIS), ArcGIS version 10.2.2
(Esri), was used for exploratory data analysis. The geographer grant co-investigator
approximated the latitude and longitude of the centroid of the coal ash landfills at Cane
Run and Mill Creek Stations. Homes of participants were geocoded using address
locators and 2015 U.S. Census Bureau Topologically Integrated Geographic Encoding
and Referencing (TIGER) Line shapefiles for Jefferson and Bullitt County, Kentucky.
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The distance from the centroid of each coal ash landfill to individual homes was
calculated using the “Near” tool in the ArcToolbox. Distances obtained in ArcGIS were
exported and analyzed in SAS 9.4. The Wilcoxon Rank-Sum test was used to compare
the median distance from each landfill to homes with fly ash and the median distance to
homes with no fly ash.
PM10 concentrations were transformed using the natural logarithm and the
relationship with proximity of homes to the landfills was assessed using simple linear
regression. The natural logarithm was selected as the appropriate transformation by
assessing the distribution and fit of linear regression models when PM10 concentrations
were transformed using common transformations including common logarithm, square
root, and inverse square root.
Subaim (2b): For neurotoxic metals commonly found in fly ash (Subaim 1c), the
relationship between the concentration of metals in PM10 and proximity to the coalburning power plants (km) was assessed. Metal concentrations were transformed using
the natural logarithm. To assess the relationship between metal concentrations and
proximity of the home to the coal ash landfills, simple linear regression was used. The
Spearman Correlation Coefficients and p-values were also reported.
Subaim (2c): In ArcGIS, an environmental justice (EJ) index was calculated
using a modified version of the formula established for the EPA’s EJSCREEN
environmental justice screening and mapping tool. This EJ index assesses environmental
vulnerability by considering both environmental and socio-demographic data. The
modified EJ Index formula used in this analysis is:
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Equation 1. EJ Index

𝐸𝐽 𝐼𝑛𝑑𝑒𝑥 = (𝑇ℎ𝑒 𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡𝑎𝑙 𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟) × (𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝐼𝑛𝑑𝑒𝑥)

The current version of EJSCREEN does not consider coal ash storage as one of
the pre-selected environmental indicators. Thus, the process used in EJSCREEN to assess
Proximity to Hazardous Waste Treatment, Storage, and Disposal Facilities was adapted
to develop an Environmental Indicator for the calculation of the EJ index for Proximity to
Coal Ash Storage. This Environmental Indicator was developed as follows:

Equation 2. Environmental Indicator
1

𝑇ℎ𝑒 𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡𝑎𝑙 𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 = 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑓𝑟𝑜𝑚 𝐶𝑒𝑛𝑠𝑢𝑠 𝐵𝑙𝑜𝑐𝑘 𝐺𝑟𝑜𝑢𝑝 𝐶𝑒𝑛𝑡𝑟𝑜𝑖𝑑 +
1
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑓𝑟𝑜𝑚 𝐶𝑒𝑛𝑠𝑢𝑠 𝐵𝑙𝑜𝑐𝑘 𝐺𝑟𝑜𝑢𝑝 𝐶𝑒𝑛𝑡𝑟𝑜𝑖𝑑
𝑡𝑜 𝐶𝑒𝑛𝑡𝑟𝑜𝑖𝑑 𝑜𝑓 𝐴𝑠ℎ 𝐿𝑎𝑛𝑑𝑓𝑖𝑙𝑙 #2

𝑡𝑜 𝐶𝑒𝑛𝑡𝑟𝑜𝑖𝑑 𝑜𝑓 𝐴𝑠ℎ 𝐿𝑎𝑛𝑑𝑓𝑖𝑙𝑙 #1

A point centroid for each Census block group polygon in and around the study
area was determined. Using the “Near” tool in ArcGIS, the distance from each landfill
centroid to every census block group centroid was calculated for all block groups. The
distance was converted from feet to kilometers and the inverse of each distance was
calculated in ArcGIS. For each census block group, the inverse distance from the two
landfill centroids was summed to estimate the Environmental Indicator portion of the EJ
Index.
In EJSCREEN and this analysis, the Demographic Index is based on the average
of percent low-income and percent minority in the Census block group, which acts as a
substitute measure for susceptibility to environmental exposures. Percent low-income is
defined as the percent of people in the block group living in households with incomes
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less than or equal to twice the federal poverty level. Information about the total number
of people living in each Census block group and the total number of people living below
two times the federal poverty line was obtained from the 2014 U.S. Census Bureau
American Community Survey (ACS) file C17002: Ratio of Income to Poverty Level in
Past 12 Months.
Percent minority is defined as the percent of people in a block group that list their
race as other than white alone. Information about the total population of a block group
and the number of individuals that identified as a race other than white alone was
obtained from the 2014 ACS file B02001: Race.
The ACS files were then imported into ArcGIS and joined to the TIGER/Line
Jefferson and Bullitt shapefiles using the FIPS code. The Demographic Index was
calculated using the Field Calculator and Equation 2. For each Census block group, the
Demographic Index and Environmental Indicator were multiplied to obtain the EJ Index.
A choropleth map was created with EJ Index quartiles to identify the more vulnerable
block groups in the study area. The relationship between the EJ Index and fly ash
presence, PM10 concentration, as well as metal exposure (From subaim 1c) in the homes
was assessed visually by mapping the exposure to fly ash (Yes/No) or PM10 and Metal
concentration as a point over the choropleth map of the EJ Index quartiles.
The relationship between the EJ Index and 1) fly ash presence in the home, 2)
PM10 exposure, and 3) metal exposure was also assessed statistically. The EJ Index
variable was exported from ArcGIS and analyzed using SAS 9.4. The median EJ Index
score of homes with fly ash present was compared to homes with no fly ash present using
the Wilcoxon Rank-Sum Test. The relationship of PM10 and metal concentrations with
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the overall EJ Index was assessed using simple linear regression. Two-sided p-values are
reported and significance was determined at p<0.05.
Specific Aim 3: Assess the relationship between PM10 concentration, fly ash exposure,
and cognitive control.
Subaim (3a): Linear regression models were used to assess the relationship
between the BARS outcome measures and fly ash exposure. The distributions of the
BARS CPT and SAT omission errors and commission errors were assessed. For the
BARS CPT, the number of omission and commission errors were combined to form a
total CPT error variable. For the BARS SAT, omission and commission errors were also
combined to form a total SAT error variable. In addition to the number of errors on the
CPT and SAT, cognitive control was assessed by the response latency (msec) from the
CPT.
Box-Cox power transformations were used to identify common transformations
for the CPT errors, SAT errors, and response latency dependent variables. In linear
regression models, CPT and SAT errors were transformed using the square root and
response latency was transformed using the natural logarithm. Beta coefficients, 95%
confidence intervals, and p-values from three linear regression models with fly ash
exposure (yes/no), age, and gender as independent variables, and 1) CPT errors, 2) SAT
errors, or 3) response latency as the dependent variable, are reported.
Additional potential covariates considered for inclusion in multivariate linear
regression models were child’s body mass index (BMI), presence of lead paint in home,
prenatal tobacco exposure, environmental tobacco smoke exposure, presence of pets
indoors, and income level.
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BMI. BMI was calculated by dividing the child’s weight (kg) by their height (cm)
squared. The BMI was categorized into three groups: underweight (BMI < 18), normal
weight (BMI = 18-25), and overweight (BMI >25).
Lead Paint. The presence of lead paint in the home was assessed using the
question, “Do you have lead paint in your home?” with response options, “no, yes, not
sure” on the Environmental Health History Questionnaire. If the participant’s parent
indicated that their home had lead paint by responding “yes”, then the participant was
classified as having lead paint in their home; if the parent responded “no”, then the
participant was classified as not having lead paint. If participants’ parents responded “not
sure”, then the year the home was built was considered to infer if lead paint might be
present in the home. If the parent reported on the Environmental Health History
Questionnaire that the home was built prior to 1978 and the parent was “not sure” if the
home contained lead paint, then the home was classified as having lead paint present. If
the home was built after 1978 and the parent was “not sure” if the home contained lead
paint, then the home was classified as not having lead paint.
Prenatal Tobacco Exposure. Information about the mother’s tobacco use during
the participant’s gestation period was assessed during the Pediatric Health History
Interview and on the Environmental Health History Questionnaire. If the participant’s
parent indicated that tobacco was used during pregnancy on either one of the
questionnaires then the participant was classified as exposed to prenatal tobacco. If the
participant was adopted and use of tobacco products by the mother during pregnancy
could not be determined then the participant’s prenatal tobacco exposure was classified as
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“unsure”. If a participant’s parent indicated that no tobacco use occurred during
pregnancy then the participant was classified as not exposed to prenatal tobacco.
Environmental Tobacco Smoke Exposure. Exposure to environmental tobacco
smoke was assessed by the question “How frequently do people smoke inside?” with
response options “never, rarely, sometimes, or frequently” on the Environmental Health
History Questionnaire. Participants with parents that indicated that people smoke inside
the home “rarely, sometimes, or frequently” were classified as exposed to environmental
tobacco smoke. For one participant, information about exposure to environmental
tobacco smoke was missing and tobacco use could not be inferred from the available
data; thus, the participant was considered as not exposed to environmental tobacco
smoke.
Indoor Pets. The presence of pets living indoors was determined by the question
“Are there dogs or cats that spend most of the time inside” with response options “no,
yes, or not sure” on the Environmental Health History Questionnaire. Participants that
responded “yes” were classified as having pets indoors, and participants that responded
“no” were classified as not having pets indoors. Information about pets indoors was
missing for one participant. Based on the participant’s response to questions about pets
living at the home included in the Pediatric Health History, it was inferred that the
participant did have pets; thus, the participant was classified as having pets indoors.
Income. The median household income for the Census block group (ACS, 2014)
was used to estimate the socioeconomic level of each participant. ArcGIS was used to
assign each participant the median income level for the block group in which their home
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was located. The household income was categorized as $46,111 or less and more than
$46,111.
Frequency of Home Cleaning. The frequency at which participants clean their
homes was assessed by the question “How frequently do you clean your entire home?”
with response options “< 1 time per week, 1 time per week, 2-3 times per week, 4-5 times
per week, or 6-7 times per week” on the Home Cleaning Questionnaire. The distribution
of the responses was assessed and re-categorized into two groups: participants that clean
less than once a week and participants that clean more than once a week.
The relationships between each potential covariate and BARS outcome variables
were assessed in univariate analysis. The relationships between the potential covariates,
fly ash, and PM10 concentrations were also assessed in univariate analyses. Any potential
covariate that was related to any of the exposures or BARS outcome measures at p<0.20
was considered for inclusion in the adjusted linear models. Covariates were added to the
model using stepwise procedures and included in the final adjusted models if they were
significant in the model or improved the fit of the model. Collinearity was assessed and
outliers were evaluated. Beta coefficients, 95% confidence intervals, and p-values from
the final multivariate linear regression models are reported.
Subaim (3b): Linear regression models were used to assess the relationship
between the BARS outcome measures and PM10 concentration. The methods used to
assess the relationship between fly ash exposure and the BARS outcomes for Subaim (3a)
were repeated except with PM10 concentration as the independent exposure variable
instead of the fly ash exposure variable. The three BARS outcome measures were
transformed as described in Subaim (3a) and considered as the dependent variable in the
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linear regression models. PM10 concentrations were transformed using the common
logarithm.
Beta coefficients, 95% confidence intervals, and p-values from three linear
regression models with PM10 concentration, age, and gender as independent variables,
and 1) CPT errors, 2) SAT errors, or 3) response latency as the dependent variable were
reported. In addition, the same potential covariates assessed in Subaim (3a) were
considered for inclusion in multivariate linear regression models. Beta coefficients, 95%
confidence intervals, and p-values from the final multivariate linear regression models
were reported.
Specific Aim 4: Assess the relationship between PM10 concentration, fly ash exposure,
and deficient emotional self-regulation (DESR).
Subaim (4a): The DESR score was calculated for each participant by summing
the Anxious/Depressed, Attention Problems, and Aggressive Behavior Syndrome Scale
standardized T-scores on the CBCL. The DESR score was analyzed as a continuous
variable with higher scores indicating more severe problems with emotional selfregulation. The distribution of the DESR score was assessed and generalized linear
models (GLM) negative binomial regression was used to estimate the relationship
between the DESR score and fly ash exposure. The beta coefficient, 95% confidence
interval, and p-value were reported from the negative binomial model with the DESR
score as the dependent outcome variable and fly ash exposure, age, and gender as
independent variables.
Potential covariates considered for inclusion in the negative binomial regression
model and the method used to fit the final multivariate model was the same as in Subaim
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(3a). The beta coefficient, 95% confidence interval, and p-value for the relationship
between fly ash exposure and the DESR score were reported.
Subaim (4b): A negative binomial regression model was also used to assess the
relationship between the DESR score and the log-transformed PM10 concentration while
adjusting for age and gender. The beta coefficient, 95% confidence interval, and p-value
were reported from the negative binomial model with the DESR score as the dependent
outcome variable and log-transformed PM10 concentration, age, and gender as
independent variables.
Potential covariates considered for inclusion in the negative binomial regression
model and the method used to fit the final multivariate model was the same as in Subaim
(3a). The beta coefficient, 95% confidence intervals, and p-value for the relationship
between PM10 exposure and the DESR score were reported.
Specific Aim 5: Assess the relationship between metal exposure and cognitive control
using Bayesian Kernel Machine Regression (BKMR) and linear regression models.
Subaim (5a): Metal exposure was assessed using PIXE results of air filters used to
collect indoor PM10. If the concentration of a metal or metalloid in PM10 was above the
LOD in at least 10% of the air samples, then the metal was assessed as an independent
exposure variable in the BKMR model. Metals or metalloids considered in the model
included aluminum, silicon, titanium, chromium, manganese, iron, nickel, copper, zinc,
and arsenic. Concentrations were assessed as continuous variables with values less than
the LOD set equal to the LOD divided by the square root of two. This method for dealing
with concentrations below the LOD was suggested with BKMR during conversations
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with Claus Henn at the 2016 Epidemiology Congress of the Americas, Environmental
Mixtures Workshop.
BKMR was conducted in R using code developed by Bobb and Coull at Harvard
Chan School of Public Health (2015) and presented at the 2016 Epidemiology Congress
of the Americas, Environmental Mixtures Workshop by Claus Henn (101). Three BKMR
models were constructed with the CPT errors, SAT errors, and response latency as the
primary outcomes. For the models, the BARS variables (Yi) were regressed on a flexible
function h() of all the metal exposures meeting the criteria for consideration:
𝑌𝑖 = 𝛽𝑜 + ℎ(𝑋𝑖1 + 𝑋𝑖2, … 𝑋𝑖𝑀 ) + 𝑍′𝛽1
where i = a subject, Xi is a vector of M metal exposure variables, Z is potential
confounders, and β is a vector of coefficients.
This nonparametric technique analyzes numerous exposures while allowing for
non-linear relationships and interactions. When the BKMR models were constructed the
default priors for the kmbayes function in the bkmr package were used. The bkmr
package was not used for Bayesian inference, only as a way to visualize the relationship
between all of the elements and behavioral outcomes in order to identify which elements
might be of interest to explore further in linear regression models.
Output from the BKMR models includes different functions for visualizing the
exposure-response surface. Using one of these functions, the univariate relationship
between each individual metal (𝑋𝑖𝑀 ) and the BARS outcome variables were assessed
while all other exposure variables were fixed to the 50th percentile. Potential confounders
included in the BKMR model were age, gender, and block group income level. Metals
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that appeared to have a relationship with any of the BARS outcome variables were
further considered in linear regression models in the subsequent Subaim (5b).
Subaim (5b): Metals found to be potentially related to any of the BARS outcome
variables in the BKMR model were considered for further investigation. Results from the
BKMR models suggested that one metal, aluminum, might be potentially related to all of
the BARS outcome measures and the DESR score. Therefore, three linear regression
models with aluminum concentration as the independent exposure variable and the BARS
outcome measures transformed as described in Subaim (3a) were constructed. Beta
coefficients, 95% confidence intervals, and p-values from the three linear regression
models with aluminum concentration, age, and gender as independent variables, and 1)
CPT errors, 2) SAT errors, or 3) response latency as the dependent variable were
reported. In addition, the same potential covariates assessed in Subaim (3a) were
considered for inclusion in multivariate linear regression models with aluminum
concentration and BARS outcomes. Beta coefficients, 95% confidence intervals, and pvalues from the final multivariate linear regression models were reported.
Subaim (5c): A total metal exposure score (MES) was developed for each child
by ranking the children based on the concentration of individual metals in the PM10,
summing each child’s ranks, and grouping the scores into tertiles of total metal
concentration. For analysis in the linear regression models the first and second tertiles
were combined and compared to the highest tertile. Three linear regression models were
constructed to assess the relationship between the MES and 1) CPT errors, 2) SAT errors,
and 3) CPT response latency. The BARS outcome measures were considered as the
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dependent outcome variable and the MES, age, and gender were included as the
independent exposure variable.
Three additional multivariate linear regression models were constructed using the
same potential covariates and method to fit the final multivariate model in Subaim (3a).
Beta coefficients, 95% confidence intervals, and p-values from the three linear regression
models were reported.
Specific Aim 6: Assess the relationship between metal exposure and deficient
emotional self-regulation (DESR) using Bayesian Kernel Machine Regression
(BKMR) and negative binomial regression.
Subaim (6a): BKMR was conducted as described in Subaim (5a), but DESR score
was used as the outcome variable instead of the BARS CPT and SAT outcome variables.
Metals that appeared to have a relationship with the DESR score were further considered
in negative binomial regression models in the subsequent Subaim (5b).
Subaim (6b): Metals found to be potentially related to the DESR score in the
BKMR model were considered for further investigation. Results from the BKMR models
suggested that aluminum might also be potentially related to DESR score. Therefore, a
negative binomial regression model was constructed with aluminum concentration as the
independent exposure variable and the DESR score as the dependent outcome variable.
Beta coefficients, 95% confidence intervals, and p-values from the negative binomial
regression model with aluminum concentration, age, and gender as independent
variables, and DESR score as the dependent variable were reported. In addition, the same
potential covariates assessed in Subaim (3a) were considered for inclusion in multivariate
linear regression models with aluminum concentration and DESR score. Beta
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coefficients, 95% confidence intervals, and p-values from the final multivariate models
were reported.
Subaim (6c): The relationship between the MES developed in Subaim (5c) and
DESR score was assessed using negative binomial regression. Beta coefficients, 95%
confidence intervals, and p-values were reported from the negative binomial regression
model with DESR score as the dependent variable and MES, age, and gender as
independent variables.
Three additional multivariate linear regression models were constructed using the
same potential covariates and method to fit the final multivariate model in Subaim (3a).
Beta coefficients, 95% confidence intervals, and p-values from the negative binomial
regression models were reported.
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V. RESULTS
1. Specific Aim 1 Results: Characterize fly ash, PM10 concentration and metal exposure
(1a): Based on the fly ash particles reported by SEM/EDX, there were 99 particles
of fly ash found in 33 (44.6%) homes across the study area. However, some particles
were contained in clusters; thus, data was only reported for the first 10 particles
determined in the cluster. These results are based on the number of particles reported for
the SEM/EDX that was completed. Descriptive statistics from the SEM-EDX analysis of
fly ash particles are contained in Table 2. The most abundant metal found in fly ash
particles was aluminum and the most abundant metalloid was silicon.

Table 2. Concentration of Metals in Fly Ash Particles (ppm)
N
Mean
SD
Min
P25
Median

P75

Max

Aluminum

75 (75.8%)

15.9

10.5

3.0

12.5

15.0

17.0

92.0

Iron

68 (68.7%)

9.0

12.5

1.0

4.0

6.0

9.0

68.0

Titanium

31 (31.3%)

1.3

0.9

0.5

1.0

1.0

1.5

4.0

Potassium

68 (68.7%)

2.5

1.5

0.5

1.3

2.5

3.0

9.0

Silicon

95 (96.0%)

25.5

14.3

1.0

19.0

22.0

28.0

60.0

(1b): Table 3 contains a comparison of PM10 concentrations measured in homes
where fly ash was found on the air filter compared to homes where no fly ash was found.
There was no significant difference in the concentration of PM10 in homes with fly ash
compared to those without fly ash (p=0.96).
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Table 3. PM10 Concentration (μg/m3) and Fly Ash Exposure
n GM SE
95% CI
Min P25 Median

P75

Max

Pvalue*
0.96

No Fly
Ash

41

17

1.3 (14.6, 19.8)

7.9

12.4

15.4

22.2

92.2

Fly
Ash

33

17.2

1.6 (14.3, 20.8)

5.4

12.1

16.6

23.3

77.1

*Wilcoxon Rank-Sum P-value

(1c): Results for the PIXE analysis of the PM10 can be found in Table 4. Silicon
had the greatest concentration in PM10 followed by aluminum, titanium, chromium,
manganese, and arsenic.
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Table 4. Concentration of Metals in PM10 (μg/m3) from Indoor Air Sample
n (N=74)

GM

SE

Aluminum

74 (100%)

0.0643

0.00538

Arsenic

34 (46.0%)

0.0008

Chromium

12 (16.2%)

Manganese

95% CI

Min

P25

Median

P75

Max

(0.054, 0.076)

0.0175

0.0418

0.0557

0.0934

0.9704

0.00006

(0.0007, 0.001)

0.0002

0.0005

0.0009

0.0013

0.0031

0.0017

0.00015

(0.0014, 0.0021)

0.0009

0.0012

0.0014

0.0019

0.1378

32 (43.2%)

0.0015

0.00012

(0.0013, 0.0017)

0.0005

0.0009

0.0013

0.0023

0.0156

Silicon

74 (100%)

0.3866

0.02428

(0.3411, 0.4381)

0.1034

0.2908

0.3747

0.5222

3.1891

Titanium

43 (58.1%)

0.0068

0.00058

(0.0057, 0.0080)

0.0018

0.0040

0.0062

0.0107

0.1002
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There was no significant difference between the PM10 concentrations of
aluminum, arsenic, chromium, manganese, silicon, or titanium measured in homes where
fly ash was found compared to homes with no fly ash (Table 5).

Table 5. Comparison between Natural-Log of Metal Concentrations (μg/m3) and Fly
Ash
Median (IQR)
No Fly Ash (n=41)
Fly Ash (n=33) P-value*
0.062 (0.0767)

0.0508 (0.0340)

0.06

Arsenic

0.0010 (0.0008)

0.0005 (0.0007)

0.18

Chromium

0.0016 (0.0010)

0.0012 (0.0008)

0.11

Manganese

0.0013 (0.0019)

0.0014 (0.0010)

0.53

Silicon

0.3918 (0.2658)

0.3598 (0.2276)

0.16

Titanium

0.0070 (0.0086)

0.0054 (0.0042)

0.15

Aluminum

*Wilcoxon Rank-Sum P-value

2. Specific Aim 2 Results: Use GIS to assess how proximity and socio-demographic
factors are related to exposure
(2a): Overall the mean distance (km) of participants’ homes from the centroid of
the ash landfill at Mill Creek is 10.75 (standard deviation= 4.9) and the median distance
is 6.88 (Min= 1.54, P25= 7.10, P75= 14.22, Max= 20.35). The mean distance (km) of
participants’ homes from the centroid of the ash landfill at Cane Run is 6.88 (standard
deviation= 3.5) and the median distance is 6.18 (Min= 0.83, P25= 4.38, P75= 8.99, Max=
14.74). There was no significant difference in the distance from the landfills at Mill

58

Creek or Cane Run for homes that had fly ash compared to those that did not have fly ash
(Table 6 and Table 7).

Table 6. Distance from Mill Creek Landfill to Homes (km) and Fly Ash
n Mean (SD) Min P25 Median P75 Max P-value*
Fly Ash

33

10.96 (4.84)

1.73

9.81

11.60

13.90

20.35

No Ash

41

10.59 (5.02)

1.54

6.38

10.67

14.49

19.61

0.63

*Wilcoxon Rank-Sum p-value

Table 7. Distance from Cane Run to Homes (km) and Fly Ash
n Mean (SD) Min P25 Median P75 Max
Fly Ash

33

6.48 (3.49)

0.83

3.97

5.65

8.41

13.01

No Ash

41

7.20 (3.66)

0.87

4.54

7.16

9.15

14.74

P-value*
0.3

*Wilcoxon Rank-Sum p-value

However, results from the simple linear regression models comparing the distance
of participants’ homes from each ash landfill to indoor PM10 concentrations suggest there
may be a relationship between distance and indoor PM10. The distance from Mill Creek
ash landfill to the participants’ homes was inversely related to the log-transformed PM10
concentrations (β= -0.015; 95% CI= (-0.025, -0.005); p= 0.003). The distance from Cane
Run landfill was positively related to the log-transformed PM10 concentration (β = 0.015;
95% CI= (0.002, 0.029); p= 0.03). The observed positive relationship between distance
from Cane Run landfill and PM10 concentration is due to the inverse relationship between
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distance from Mill Creek landfill and PM10 concentration. Many of the homes in the
study area that were further away from Cane Run were closer to Mill Creek. Thus, the
significant relationship between distance from Cane Run landfill and PM10 concentration
is confounded by distance from Mill Creek landfill. Overall, results from the analysis for
Subaim (2c) show that living near either power plant was associated with higher indoor
PM10 concentrations.
(2b): Distance from the ash landfills to the participants’ homes was related to the
concentrations of aluminum, manganese, silicon, and titanium in PM10. The beta
estimates, 95% confidence intervals, and p-values from simple linear regression models
with distance and the log of each metal concentration are in Table 8 and Table 9.
Spearman Correlation Coefficients and p-values are also in Table 8 and 9. Homes closer
to Mill Creek landfill had greater concentrations of aluminum, manganese, silicon, and
titanium in PM10, while homes further away from Cane Run landfill had greater
concentrations of aluminum, manganese, and silicon. Similar to the results in Subaim
(2b), it appears the significant relationship between distance from Cane Run landfill and
metal concentrations are confounded by distance from Mill Creek landfill.
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Table 8. Relationship between Distance from Mill Creek (km) and Natural-Log of Metal Concentration (μg/m3)
Beta (95% CI)1
P-value1
Correlation
P-value2
Coefficient 2
-0.057 (-0.089, -0.026)

0.0006

-0.329

0.004

Arsenic

-0.004 (-0.031, 0.024)

0.79

0.0068

0.95

Chromium

-0.028 (-0.063, 0.007)

0.12

-0.077

0.51

Manganese

-0.051 (-0.081, -0.021)

0.001

-0.251

0.03

Silicon

-0.047 (-0.070, -0.025)

0.0001

-0.400

0.0004

Titanium

-0.035 (-0.069, -0.001)

0.05

-0.160

0.17

Aluminum
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1
2

Simple linear regression model results
Spearman correlation test results

Table 9. Relationship between Distance from Cane Run (km) and Natural-Log of Metal Concentration (μg/m3)
Beta (95% CI)1
P-value1 Correlation P-value2
Coefficient2
0.069 (0.026, 0.113)

0.003

0.301

0.009

-0.027 (-0.064, 0.010)

0.16

-0.140

0.23

Chromium

0.012 (-0.029, 0.068)

0.42

-0.001

0.99

Manganese

0.061 (0.019, 0.102)

0.006

0.206

0.08

Silicon

0.046 (0.013, 0.079)

0.008

0.289

0.01

0.034 (-0.033, 0.100)

0.16

0.150

0.20

Aluminum
Arsenic
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Titanium
1
2

Simple linear regression model results
Spearman correlation test results

(2c): The EJ Index was calculated for every Census block group where a
participant resided and for all surrounding block groups. The mean EJ index value is
10.72 (standard deviation= 8.3) and median is 7.93 (Min= 2.18, P25= 4.39, P75= 16.48,
Max= 26.53). Descriptive statistics on the Environmental Indicator and Demographic
Index components of the EJ Index are included in the Appendix: Supplemental Table 1.
Descriptive Statistics for EJ Index and Components.
The EJ Index was split into quartiles and shown on the choropleth map (Figure 1)
with lower values representing areas of less susceptibility and the higher percentiles
representing more vulnerable block groups. Based on the EJ Index, the populations that
are most susceptible to exposure to fly ash from the landfills are located closest to each
coal-burning power plant, as well as along the northwestern border of Jefferson County.
Despite being near both power plants, some block groups that are northeast of the
southern power plant and southeast of the northern one are the least vulnerable because
they have lower percentages of people living in poverty and lower percentages of
minority populations.
Homes with fly ash present are indicated as a green dot, and homes with no fly
ash are indicated with a blue dot. Overall homes with fly ash present had a slightly
greater EJ Index score than homes with no fly ash present, but the difference in median
score was not significant (Table 10).
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Figure 1. Comparison of Environmental Justice Index and Fly Ash Presence
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Author: Clara Sears

Map Source: U.S. Census TIGERLine Files, ACS 2014

Table 10. Comparison of Environmental Justice Index between Homes with and without Fly Ash
n Mean (SD) Min Q1 Median
Q3
Max P-value*
33 11.63 (8.71) 2.18 4.26
8.07
20.18 26.52
0.64
Fly Ash
Present
41 9.98 (7.93) 2.18 4.39
6.49
10.03 26.52
No Ash
*Wilcoxon Rank-Sum P-value
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The choropleth map comparing indoor PM10 concentrations and the EJ Index
suggests that homes closer to the ash landfills have greater PM10 concentrations (Figure
2). In addition, results from simple linear regression models with PM10 concentration and
the EJ Index suggest that there is a significant correlation (β = 0.0094; 95% CI= (0.004,
0.015); p=0.002). People living in block groups that were closest to the power plants and
along the northwestern border of Jefferson County had higher PM10 concentrations
indoors.
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Figure 2. Comparison of Environmental Justice Index and PM10 Concentration
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Author: Clara Sears

Map Source: U.S. Census TIGERLine Files, ACS 2014

GIS was used to compare the EJ Index with concentrations of elements in PM10
that were also found to be abundant in fly ash particles in Subaim (1a). The relationship
between the EJ Index and aluminum concentration in PM10 can be seen in Figure 3.
Figure 4 shows the relationship between the EJ Index and titanium concentration. Figure
5 shows the relationship between the EJ Index and silicon concentration. Maps
comparing the EJ Index to concentrations of arsenic, chromium, and manganese can be
found in the Appendix: Supplemental Figure 1, Figure 2, and Figure 3.
Results from simple linear regression models comparing the natural log of metal
concentrations to the EJ Index suggest there is a positive relationship between the EJ
Index and metal exposure. Participants in block groups with higher EJ Index values had
higher concentrations of aluminum (β= 0.020; 95% CI= (0.0006, 0.040); p= 0.05) and
titanium (β= 0.035; 95% CI= (0.016, 0.055); p= 0.0005) in PM10. There was a borderline
significant relationship between the EJ Index and silicon concentration in PM10 (β=
0.013; 95% CI= (-0.013, 0.040); p= 0.08). When the metal concentrations were compared
to the Environmental Indicator and Demographic Index components of the EJ Index
separately, the metal concentrations were found to be significantly related to the
Environmental Indicator, but not the Demographic Index independently (Appendix:
Supplemental Table 2 and Table 3).
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Figure 3. Comparison of Environmental Justice Index and Aluminum Concentration

Concentration of
Aluminum (μg/m3)
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Author: Clara Sears

Map Source: U.S. Census TIGERLine Files, ACS 2014

Figure 4. Comparison of Environmental Justice Index and Titanium Concentration

Concentration of
Titanium (μg/m3)
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Author: Clara Sears

Map Source: U.S. Census TIGERLine Files, ACS 2014

Figure 5. Comparison of Environmental Justice Index and Silicon Concentration

Concentration of
Silicon (μg/m3)
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Author: Clara Sears

Map Source: U.S. Census TIGERLine Files, ACS 2014

3. Specific Aim 3 Results: Assess the relationship between PM10 concentration, fly ash
exposure, and cognitive control.
Overall n=75 participants are included in the analysis for Specific Aim 3. Three
participants were excluded because they did not complete all phases of the study.
Approximately 51% (38) of the study sample are males and 49% (37) are females. The
mean age is 11 (standard deviation= 2.53) and the median is 11 (Min= 6, P25= 8, P75=
13, Max= 14). The primary outcome assessed in Specific Aim 3 is cognitive control,
which was assessed using the BARS CPT and SAT. Descriptive statistics on the BARS
outcome measures are included in Table 11.

Table 11. BARS Outcome Measures
Mean (SD)
Continuous Performance
Number of Errors 10.0 (9.5)
Response Latency 463.4 (81.9)
Selective Attention
Number of Errors 3.26 (2.2)

Min

P25

Median

P75

Max

0
314.9

4
407.4

7
456.2

14
500.1

55
671.1

0

1

3

5

11

Results from the univariate analysis comparing the number of CPT errors with
potential covariates can be found in Table 12. Wilcoxon Rank-Sum p-values are reported.
The number of CPT errors did not significantly differ by gender, age, BMI,
environmental tobacco smoke exposure, presences of indoor pets, lead paint, frequency
of home cleaning, or prenatal tobacco exposure. However, participants living in block
groups with Median household incomes below $46,111 did commit more errors on the
CPT (p=0.01). Based on this univariate analysis, all multivariable linear models with
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CPT errors as the outcome measure at least considered age and income as potential
covariates because significance in unvariate analysis was p<0.20.
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Table 12. CPT Errors and Potential Covariates
n (%)
75 (100%)

Total
Gender

Mean (SD)
10.0 (9.5)

Median (IQR)
7.0 (10.0)

P-value
0.7

Males
Females

38 (50.7%)
37 (49.3%)

10.3 (8.9)
9.7 (10.1)

6.5 (11.0)
7.0 (9.0)
0.13

Age
6-10 years
11-14 years

33 (44.0%)
42 (56.0%)

11.6 (10.5)
8.7 (8.5)

9.0 (11)
6.0 (8.0)
0.76

BMI
Underweight <18
Normal 18-25
Overweight >25
Income
$46,111 or less
More than $46,111
Environmental
Tobacco Exposure
No
Yes
Indoor Pets
No
Yes
Lead Paint
No
Yes
Frequency of Home
Cleaning

25 (33.3%)
32 (42.7%)
18 (24.0%)

11.0 (11.2)
9.5 (8.3)
9.5 (9.2)

8.0 (8.0)
6.0 (10.0)
5.5 (12.0)

Less than once a week
More than once a
week
Prenatal Tobacco
Exposure
No
Yes
Unsure

34 (45.3%)

8.9 (7.6)

6.0 (8.0)

41 (54.7%)

10.9 (10.8)

8.0 (11.0)

0.01
37 (49.3%)
38 (50.7%)

12.9 (11.2)
7.2 (6.3)

11.0 (12.0)
5.0 (6.0)
0.45

66 (88.0%)
9 (12.0%)

10.1 (9.5)
9.2 (9.7)

7.5 (10.0)
5.0 (20.0)
0.4

19 (25.3%)
56 (74.7%)

10.3 (7.7)
9.9 (10.1)

8.0 (9.0)
6.5 (10.5)
0.87

58 (77.3%)
17 (22.7%)

9.6 (8.1)
11.5 (13.3)

6.5 (10.0)
7.0 (10.0)
0.59

0.96
59 (78.7%)
10 (13.3%)
6 (8.0%)

10.3 (9.9)
9.3 (8.4)
8.5 (6.5)

74

8.0 (10.0)
6.5 (10.0)
6.0 (6.0)

Results from the univariate analysis comparing the CPT response latency with
potential covariates can be found in Table 13. Wilcoxon Rank-Sum p-values are reported.
Gender (p=0.01) and age (p=0.0001) were significantly related to CPT response latency
and therefore considered for inclusion in all multivariable linear regression models with
response latency as the outcome.

75

Table 13. CPT Response Latency and Potential Covariates
n (%)
Mean (SD) Median (IQR)
75 (100%)
463.4 (81.9)
456.2 (92.7)
Total
Gender
Boys 38 (50.7%) 438.1 (69.1) 437.3 (100.3)
Girls 37 (49.3%) 489.3 (86.7)
472.0 (88.5)
Age
6-10 years 33 (44.0%) 522.3 (78.6)
502.3 (99.7)
11-14 years 42 (56.0%) 417.1 (47.9)
417.0 (81.2)
BMI
Underweight <18 25 (33.3%) 484.4 (88.6)
478.8 (96.3)
Normal 18-25 32 (42.7%) 464.9 (88.4)
447.5 (91.4)
Overweight >25 18 (24.0%) 434.2 (49.3)
448.4 (84.1)
Income
$46,111 or less 37 (49.3%) 459.0 (81.1)
456.2 (78.5)
More than $46,111 38 (50.7%) 467.6 (83.6)
456.4 (86.8)
Environmental Tobacco
Exposure
No 66 (88.0%) 463.6 (82.4)
453.3 (86.8)
Yes
9 (12.0%)
461.5 (82.4) 469.4 (108.6)
Indoor Pets
No 19 (25.3%) 478.5 (79.8)
469.4 (81.4)
Yes 56 (74.7%) 458.2 (82.7)
445.9 (94.8)
Lead Paint
No 58 (77.3%) 464.2 (82.5)
462.5 (86.8)
Yes 17 (22.7%) 460.4 (82.4)
445.4 (82.1)
Frequency of Home
Cleaning
Less than once a week 34 (45.3%) 446.0 (59.9)
438.6 (69.9)
More than once a week 41 (54.7%) 477.7 (94.8) 469.0 (119.7)
Prenatal Tobacco
Exposure
456.2 (87.5)
No 59 (78.7%) 465.5 (83.6)
Yes 10 (13.3%) 464.3 (90.8) 465.6 (107.0)
6 (8.0%)
441.3 (53.1)
441.9 (73.6)
Unsure

P-value
0.01

0.0001

0.27

0.62

0.94

0.31

0.68

0.22

0.86

Results from the univariate analysis comparing the number of SAT errors with
potential covariates can be found in Table 14. Wilcoxon Rank-Sum p-values are reported.
The number of SAT errors was not found to be significantly related to any of the
potential covariates. BMI category was considered for inclusion in all multivariable
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models with SAT errors as the outcome because it was related to the number of SAT
errors at a significance level of p<0.20.

Table 14. SAT Errors and Potential Covariates
n (%)
75 (100%)
Total
Gender
Boys 38 (50.7%)
Girls 37 (49.3%)
Age
6-10 years 33 (44.0%)
11-14 years 42 (56.0%)
BMI
Underweight <18 25 (33.3%)
Normal 18-25 32 (42.7%)
Overweight >25 18 (24.0%)
Income
$46,111 or less 37 (49.3%)
More than $46,111 38 (50.7%)
Environmental Tobacco Exposure
No 66 (88.0%)
Yes 9 (12.0%)
Indoor Pets
No 19 (25.3%)
Yes 56 (74.7%)
Lead Paint
No 58 (77.3%)
Yes 17 (22.7%)
Frequency of Home Cleaning
Less than once a week 34 (45.3%)
More than once a week 41 (54.7%)
Prenatal Tobacco Exposure
No 59 (78.7%)
Yes 10 (13.3%)
Unsure 6 (8.0%)

Mean (SD)
3.3 (2.2)
3.4 (2.0)
2.5 (3.1)
3.4 (2.6)
3.2 (1.9)
4.0 (2.7)
2.7 (1.8)
3.3 (2.1)
3.4 (2.3)
3.1 (2.2)
3.2 (2.3)
3.8 (1.7)
3.2 (2.2)
3.2 (2.2)
3.3 (2.2)
3.1 (2.5)
3.1 (2.2)
3.4 (2.3)
3.2 (2.4)
3.4 (1.8)
2.5 (2.0)

Median (IQR) P-value
3.0 (4.0)
0.53
3.0 (3.0)
3.0 (3.0)
0.93
3.0 (4.0)
3.0 (2.0)
0.12
4.0 (3.0)
2.5 (2.5)
3.0 (2.0)
0.56
3.0 (3.0)
3.0 (3.0)
0.27
3.0 (3.0)
4.0 (2.0)
0.99
3.0 (3.0)
3.0 (3.5)
0.55
3.0 (4.0)
3.0 (1.0)
0.64
3.0 (2.0)
3.0 (4.0)
0.57
3.0 (4.0)
3.5 (3.0)
2.0 (2.0)

(3a): First, the relationship between fly ash exposure and the BARS CPT and
SAT outcome measures was assessed. Results from the univariate analysis comparing fly
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ash exposure and potential covariates are shown in Table 15. Chi-square p-values
comparing participants with fly ash to those with no fly ash are reported. There was no
significant relationship between any of the potential covariates and presence of fly ash in
the home.

Table 15. Fly Ash in Homes and Potential Covariates
n(%)
No Fly Ash
Total
75
42
Gender
Boys 38 (50.7%)
21 (50.0%)
Girls 37 (49.3%)
21 (50.0%)
Age
6-10 years 33 (44.0%)
21 (50.0%)
11-14 years 42 (56.0%)
21 (50.0%)
BMI
Underweight <18 25 (33.3%)
16 (38.1%)
Normal 18-25 32 (42.7%)
19 (45.2%)
Overweight >25 18 (24.0%)
7 (16.7%)
Income
$46,111 or less 37 (49.3%)
19 (45.2%)
More than $46,111 38 (50.7%)
23 (54.8%)
Environmental Tobacco
Exposure
No 66 (88.0%)
38 (90.5%)
Yes 9 (12.0%)
4 (9.5%)
Indoor Pets
No 19 (25.3%)
9 (21.4%)
Yes 56 (74.7%)
33 (78.6%)
Lead Paint
No 58 (77.3%)
32 (76.2%)
Yes 17 (22.7%)
10 (23.8%)
Frequency of Home
Cleaning
Less than once a week 34 (45.3%)
17 (40.5%)
More than once a week 41 (54.7%)
25 (59.5%)
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Fly Ash
33

P-value
0.9

17 (51.5%)
16 (48.5%)
0.24
12 (36.4%)
21 (63.6%)
0.23
9 (27.3%)
13 (39.4%)
11 (33.3%)
0.42
18 (54.6%)
15 (45.5%)
0.46
28 (84.9%)
5 (15.2%)
0.38
10 (30.3%)
23 (69.7%)
0.79
26 (78.8%)
7 (21.2%)
0.34
17 (51.5%)
16 (48.5%)

All linear regression models were adjusted for age and gender. Based on the
results of the univariate analyses of potential covariates, additional covariates were also
considered for inclusion in final multivariable models. The final multivariable linear
regression model with CPT errors as the outcome variable and fly ash presences as the
exposure variable also contained gender, age, and income as covariates. No additional
covariates were found to significantly improve the fit of the linear regression model with
CPT response latency as the outcome variable and fly ash presences as the exposure
variable, therefore the final model contained only gender and age as covariates. The final
multivariable linear regression model with SAT errors as the outcome variable and fly
ash presences as the exposure variable contained gender, age, and BMI as covariates.
Adjusted linear regression coefficients for relationship between fly ash and BARS
outcomes, 95% confidence intervals, and p-values are included in Table 16. There was no
significant relationship found between fly ash exposure and CPT errors, CPT response
latency, or SAT errors.

79

Table 16. Linear Regression Coefficients for Fly Ash and BARS Outcomes
Beta* (95% CI)

P-value

Adjusted Beta (95% CI)

P-value

0.04 (-0.59, 0.67)

0.9

-0.04 (-0.65, 0.57)

0.9

Response Latency b -0.01 (-0.06, 0.04)

0.66

-0.01 (-0.06, 0.04)

0.66

0.15

0.25 (-0.08, 0.57)

0.15

Covariates

Continuous Performance
Number of Errors a

Age, Gender,
Income
Age, Gender

Selective Attention
Number of Errors c
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*Adjusted for gender and age
a
Square-root transformed
b
Log-transformed
c
Square-root transformed

0.24 (-0.08, 0.56)

Age, Gender,
BMI

(3b): Next, the relationship between PM10 exposure and the BARS CPT and SAT
outcome measures was assessed. Descriptive statistics about PM10 exposure are in Table
17. Overall, the geometric mean of PM10 exposure (μg/m3) was 16.94 (95% confidence
intervals= (15.1, 19.0). There was no significant difference in exposure to PM10 indoors
by participants’ age or gender.

Table 17. PM10 Concentration (μg/m3)
n
GM SE
95% CI
Total
75 16.94 0.98 (15.1, 19.0)
Gender
Males
38 16.84 1.33 (14.4, 19.8)
Females
37 17.05 1.46 (14.3, 20.3)
Age
6-10 years
33 17.54 1.31 (15.1, 20.4)
11-14 years
42 16.48 1.41 (13.9, 19.6)

Min P25 Median P75 Max
5.37 12.09
16.34 23.28 92.24
7.85 12.12
5.37 12.09

14.79 21.24 77.06
17.12 23.28 92.24

7.85 13.58
5.37 11.67

17.70 23.89 42.46
13.89 22.23 92.24

Results from the univariate analysis comparing PM10 exposure and potential
covariates are in Table 18. Wilcoxon Rank-Sum p-values comparing participants’ PM10
exposure are reported. Participants living in block groups with median incomes of
$46,111 or less had significantly greater PM10 concentrations indoors compared to
participant homes in block groups with a median income of more than $46,111 (p= 0.02).
Potential covariates that were related to PM10 exposure at a significance level of p<0.20,
and thus subsequently considered for inclusion in multivariable linear regression models
with PM10 exposure as an independent variable included: income (p= 0.02),
environmental tobacco smoke exposure (p=0.19), indoor pets (p=0.14), and frequency of
home cleaning (p= 0.09).
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Table 18. PM10 Concentration (μg/m3) and Potential Covariates
n(%)
Geometric Mean PM10 (95% CI)
Total
75 (100%)
16.94 (15.1, 19.0)
Gender
Males 38 (50.7%)
16.84 (14.3, 19.8)
Females 37 (49.3%)
17.05 (14.3, 20.3)
Age
6-10 years 33 (44.0%)
17.54 (15.1, 20.4)
11-14 years 42 (56.0%)
16.48 (13.9,19.6)
BMI
Underweight <18 25 (33.3%)
16.91 (14.6, 19.6)
Normal 18-25 32 (42.7%)
17.94 (14.5, 22.3)
Overweight >25 18 (24.0%)
15.34 (12.0, 19.6)
Income
$46,111 or less 37 (49.3%)
19.61 (16.4, 23.4)
More than $46,111 38 (50.7%)
14.69 (12.8, 16.9)
Environmental
Tobacco Exposure

P-value
0.76

0.3

0.76

0.02

0.19

No 66 (88.0%)
Yes 9 (12.0%)

16.38 (14.6, 18.4)
21.70 (13.1, 36.0)
0.14

Indoor Pets
No 19 (25.3%)
Yes 56 (74.7%)

14.57 (12.0, 17.6)
17.83 (15.5, 20.5)
1.00

Lead Paint
No
Yes
Frequency of Home
Cleaning
Less than once a week
More than once a
week

58 (77.3%)
17 (22.7%)

17.09 (14.9, 19.6)
16.42 (13.3, 20.3)

34 (45.3%)

15.07 (12.8, 17.8)

41 (54.7%)

18.67 (15.9, 21.9)

0.09
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In all linear regression models PM10 concentration was log-transformed and the
models were adjusted for age and gender. Based on the results of the univariate analyses
of potential covariates, additional covariates were also considered for inclusion in final
multivariable models with BARS outcome measures as the dependent variable and log of
PM10 concentration as the independent variable. The final multivariable linear regression
model with CPT errors as the outcome variable and PM10 as the exposure variable also
contained gender, age, and income as covariates. Covariates included in the final
multivariable linear regression model with CPT response latency as the outcome variable
and PM10 as the exposure variable were age, gender, and frequency of home cleaning.
The final multivariable linear regression model with SAT errors as the outcome variable
and PM10 as the exposure variable contained gender, age, environmental tobacco smoke
exposure, and BMI as covariates. Adjusted linear regression coefficients, 95% confidence
intervals, and p-values for the relationship between PM10 concentration (log-transformed)
and BARS outcomes are included in Table 19. There was no significant relationship
found between PM10 exposure and CPT errors, CPT response latency, or SAT errors.
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Table 19. Linear Regression Coefficients for PM10 (natural-log transformed) and BARS Outcomes
Beta* (95% CI)
P-value Adjusted Beta (95% CI) P-value
Continuous Performance
Number of Errors a

-0.12 (-1.56, 1.31)

0.87

-0.73 (-2.16, 0.70)

0.32

Response Latency b

-0.054 (-0.17, 0.06)

0.36

-0.067 (-0.19, 0.05)

0.28

Covariates
Income, Age,
Gender
Age, Gender,
Home Cleaning

Selective Attention
Number of Errors

c
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*Adjusted for gender and age
a
Square-root transformed
b
Natural Log-transformed
c
Square-root transformed

0.28 (-0.47, 1.02)

0.46

0.26 (-0.49, 1.03)

0.49

Age, Gender,
Environmental
Tobacco, BMI

4. Specific Aim 4 Results: Assess the relationship between PM10 concentration, fly ash
exposure, and deficient emotional self-regulation (DESR)
The primary outcome assessed in Specific Aim 4 is emotional self-regulation,
which was assessed using the continuous DESR score calculated from the CBCL. The
CBCL was completed and the DESR score was assessed for n=75 participants. Overall,
the mean DESR score is 167.5 (SD= 21.4) and median is 159.0 (IQR= 25.0).
Results from the univariate analysis comparing the DESR score with potential
covariates can be found in Table 20. Wilcoxon Rank-Sum p-values are reported.
Participants with indoor pets had significantly higher DESR scores (p=0.002). Covariates
considered for inclusion in negative binomial regression models with DESR score as the
outcome included indoor pets (p=0.002) and lead paint (p=0.10) because both were
significantly related to DESR score at p<0.20.
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Table 20. DESR Score and Potential Covariates
n (%)
Mean (SD)
75 (100%) 167.5 (21.4)
Total
Gender
Males 38 (50.7%) 166.3 (17.8)
Females 37 (49.3%) 168.8 (24.7)
Age
6-10 years 33 (44.0%) 165.0 (16.1)
11-14 years 42 (56.0%) 169.5 (24.8)
BMI
Underweight <18 25 (33.3%) 169.3 (20.1)
Normal 18-25 32 (42.7%) 166.4 (24.8)
Overweight >25 18 (24.0%) 166.4 (17.6)
Income
$46,111 or less 37 (49.3%) 171.1 (27.3)
More than $46,111 38 (50.7%) 163.1 (12.2)
Environmental Tobacco
Exposure
No 66 (88.0%) 168.4 (22.5)
Yes 9 (12.0%)
161.4 (8.8)
Indoor Pets
No 19 (25.3%) 156.6 (10.2)
Yes 56 (74.7%) 171.2 (23.0)
Lead Paint
No 58 (77.3%) 165.5 (20.4)
Yes 17 (22.7%) 174.4 (23.8)
Frequency of Home
Cleaning
Less than once a week 34 (45.3%) 165.4 (18.2)
More than once a week 41 (54.7%) 169.3 (23.8)
Prenatal Tobacco
Exposure
No 59 (78.7%) 165.6 (19.3)
Yes 10 (13.3%) 172.5 (21.6)
Unsure
6 (8.0%)
178.2 (37.2)

Median (IQR) P-value
159.0 (25.0)
0.85
158.0 (26.0)
160.0 (23.0)
0.73
160.0 (23.0)
158.0 (27.0)
0.58
163.5 (27.0)
156.0 (21.5)
160.5 (24.0)
0.28
159.0 (32.0)
160.0 (24.0)
0.74
159.0 (27.0)
160.0 (11.0)
0.002
152.0 (9.0)
164.5 (26.0)
0.10
159.0 (24.0)
168.0 (24.0)
0.55
158.0 (23.0)
161.0 (28.0)
0.35
159.0 (24.0)
165.5 (24.0)
159.0 (68.0)

(4a): GLM negative binomial regression was used to assess the relationship
between DESR score and fly ash exposure. First, models were constructed with DESR
score as the dependent variable and fly ash exposure, age, and gender as independent
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variables. The adjusted linear regression beta coefficient for the relationship between
DESR score and fly ash exposure was β= 0.005; 95% CI= (-0.05, 0.06); p-value= 0.87.
Next, potential covariates were considered for inclusion in the multivariate
negative binomial regression model with DESR score and fly ash exposure. All of the
covariates that were considered were included in the final model. The final multivariate
negative binomial regression model included age, gender, pets, and lead and the adjusted
beta coefficient for the relationship between DESR score and fly ash is β= 0.0017;
95%CI= (-0.04, 0.07); p-value= 0.52.
(4b): GLM negative binomial regression models were used to assess the
relationship between the DESR score and the log-transformed PM10 concentration. In the
negative binomial regression model with DESR score as the outcome and PM10
concentration, age, and gender as independent variables the adjusted beta coefficient was
β= 0.10; 95% CI= (-0.03, 0.22); p-value= 0.12.
Potential covariates considered for inclusion in the negative binomial regression
model with DESR score and PM10 exposure included: age, gender, income,
environmental tobacco smoke exposure, indoor pets, and frequency of home cleaning.
Covariates that were found to be significant and included in the final multivariate model
were age, gender, income, pets in home, and lead paint. While adjusting for these
covariates, the adjusted beta coefficient for the relationship between DESR score and logtransformed PM10 concentration is β = 0.027; 95% CI= (-0.10, 0.15); p-value= 0.67.
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5. Specific Aim 5 Results: Assess the relationship between metal exposure and
cognitive control using Bayesian Kernel Machine Regression (BKMR) and linear
regression models
(5a): Table 21 contains a summary of the univariate exposure-response
relationships between metal concentrations and BARS outcomes or DESR score that
were visualized using BKMR. The observed direction of the relationship is noted in the
table for each individual metal and outcome. Output from the BKMR models with the
graphs of the exposure-response relationships is included in Appendix: Supplemental
Figure 4, Figure 5, Figure 6, and Figure 7. The metals or metalloids that appeared to be
related to at least two of the BARS outcomes or DESR score and were investigated
further in regression analysis included: aluminum, titanium, copper, and silicon. Because
aluminum was the only metal that appeared to be related to all of the BARS outcomes
and DESR score, it is the focus in Subaim (5b) and Subaim (6b). Titanium, copper, and
silicon were investigated in linear regression models adjusted for age and gender. The
results from those models are included in the Appendix: Supplemental Table 4.
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Table 21. Direction of Univariate Exposure-Response Relationship Suggested by BKMR model
Al
Ti
Cr
Mn
Fe
Ni
Cu
Zn
As

Si

CPT Errors

Positive

None

None

None

None

None

None

None

Negative

Negative

Response
Latency

Negative

None

None

None

None

None

None

None

None

Negative

SAT Errors

Positive

Negative

None

None

None

None

Positive

None

None

None

DESR Score

Positive

Negative

None

None

None

None

Negative

None

None

None
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(5b): The concentration of aluminum was above the LOD on all of the air filters
for participants (n= 75) included in this analysis. The mean and median for the aluminum
concentration (μg/m3) in PM10 is mean (SD)= 0.089 (0.12) and the median = 0.055 (min=
0.018, Q25= 0.042, Q75= 0.093, Max= 0.97). The univariate analysis of the relationship
between potential covariates and aluminum concentration in PM10 can be found in Table
22. Wilcoxon Rank-Sum p-values are reported. Participants with indoor pets were
exposed to significantly greater concentrations of aluminum (p=0.03).
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Table 22. Aluminum (μg/m3) and Potential Covariates
n(%)
Mean (SD)
75
0.089 (0.118)
Total
Gender
Males 38 (50.7%) 0.073 (0.063)
Females 37 (49.3%) 0.11 (0.160)
Age
6-10 years 33 (44.0%) 0.11 (0.160)
11-14 years 42 (56.0%) 0.076 (0.064)
BMI
Underweight <18 25 (33.3%) 0.116 (0.184)
Normal 18-25 32 (42.7%) 0.085 (0.072)
Overweight >25 18 (24.0%) 0.058 (0.042)
Income
$46,111 or less 37 (49.3%) 0.109 (0.160)
More than $46,111 38 (50.7%) 0.069 (0.048)
Environmental Tobacco
Exposure
No
Yes
Indoor Pets
No
Yes
Lead Paint
No
Yes
Frequency of Home
Cleaning
Less than once a week
More than once a week

Median (IQR) P-value
0.055 (0.052)
0.25
0.053 (0.043)
0.065 (0.071)
0.26
0.065 (0.061)
0.053 (0.048)
0.06
0.070 (0.057)
0.057 (0.046)
0.044 (0.019)
0.14
0.060 (0.075)
0.053 (0.049)
0.12

66 (88.0%)
9 (12.0%)

0.089 (0.126)
0.090 (0.043)

0.054 (0.048)
0.086 (0.052)
0.03

19 (25.3%)
56 (74.7%)

0.052 (0.028)
0.101 (0.134)

0.048 (0.036)
0.060 (0.065)

58 (77.3%)
17 (22.7%)

0.077 (0.061)
0.128 (0.222)

0.056 (0.045)
0.054 (0.077)

0.68

0.59
34 (45.3%)
41 (54.7%)

0.069 (0.042)
0.106 (0.155)

0.054 (0.042)
0.058 (0.083)

Covariates considered for inclusion in the three linear regression models with
BARS outcomes as dependent variables and aluminum exposure as the independent
variable were BMI, income, environmental tobacco exposure, indoor pets, age, and
gender. The adjusted linear regression beta coefficients for the relationship between the
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BARS outcomes and aluminum exposure, 95% confidence intervals, and p-values are in
Table 23.
The final multivariate linear regression model with CPT errors as the dependent
outcome variable and aluminum exposure as the independent exposure variable was
adjusted for age, gender and income. Covariates included in the final multivariable linear
regression model with CPT response latency as the outcome variable and aluminum
concentration as the exposure variable were age, gender, and BMI. The final
multivariable linear regression model with SAT errors as the outcome variable and
aluminum concentration as the exposure variable contained gender, age, environmental
tobacco smoke exposure, and BMI as covariates. There was a significant positive
relationship between CPT errors and aluminum exposure, and a significant negative
relationship between CPT response latency and aluminum exposure. In addition, there
was a significant positive relationship between SAT errors and aluminum concentrations.
When the linear regression models were assessed for outliers with influence, one
participant that lives a short distance from one ash landfill was identified with high
concentrations of aluminum indoors. Because there are few other participants that live as
close to the ash landfill as this participant, it was hard to determine if the concentrations
measured indoors accurately reflect exposure at the short distance or if the high
concentration was a result of some other indoor source of aluminum exposure. Based on
the interactions with the participants and other survey data collected, the study team had
no reason to believe that anyone smoked inside the home and there were no other sources
of aluminum exposure that could be identified indoors. However, the linear regression
models were reconstructed with the BARS outcomes and the participant with the high
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aluminum concentration was assigned the value of the person with the next highest
concentration in the same Census block group. The results of this analysis are included in
the Appendix: Supplemental Table 5. When the participant was assigned the lower
aluminum level the p-values for the beta coefficients were no longer significant, however
the estimates did not vary greatly from the original models. Based on the best information
available, there is no reason to treat the participant with the high concentration of
aluminum as an outlier. As more participants are collected at the shortest distance from
the ash landfill, it may become apparent that the concentration of aluminum measured in
this home does not greatly vary from surrounding households. Therefore the final model
reported in this dissertation is the one with the measured concentrations of aluminum.
Once data collection for the larger study has been completed, the outliers will be
reassessed and the analysis will be repeated.
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Table 23. Linear Regression Coefficients for Aluminum (μg/m3) and BARS Outcomes
Beta* (95% CI) P-value Adjusted Beta (95% CI)

P-value

Covariates

Continuous Performance
Number of Errors a

3.84 (1.30, 6.38)

0.004

3.33 (0.82, 5.83)

0.01

Response Latency b

-0.24 (-0.45, -0.03)

0.03

-0.23 (-0.44, -0.01)

0.04

1.71 (0.36, 3.06)

0.02

1.65 (0.30, 3.00)

0.02

Age, Gender,
Income
Age, Gender,
BMI

Selective Attention Test
Number of Errors c
94

*Adjusted for gender and age
a
Square-root transformed
b
Natural log-transformed
c
Square-root transformed

Age, Gender,
Environmental
Tobacco, BMI

(5c): In addition to assessing aluminum concentration, the MES score was
developed to assess if there was an accumulative effect of the metal mixture in PM10 on
cognitive control. The relationship between the potential covariates, BARS outcomes,
DESR Score, and MES tertiles was assessed. For many of the covariates and outcomes
the lowest tertiles were not significantly different; therefore, the lowest two tertiles were
combined due to the low cell counts into a Low Category and the highest tertile
represents the High Category. Univariate analysis of the relationship between the MES
category and potential covariates is in Table 24. Fisher’s Exact p-values are reported.
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Table 24. MES Score and Potential Covariates
n(%)
Low Category
75

Total
Gender

High Category

74.7% (56)

25.3% (19)

30 (53.6%)
26 (46.4%)

8 (42.1%)
11 (57.9%)

P-value

0.44
Males 38 (50.7%)
Females 37 (49.3%)

0.43

Age
6-10 years 33 (44.0%)
11-14 years 42 (56.0%)

23 (41.1%)
33 (58.9%)

10 (52.6%)
9 (47.4%)

25 (33.3%)
32 (42.7%)
18 (24.0%)

17 (30.4%)
24 (42.9%)
15 (26.8%)

8 (42.1%)
8 (42.1%)
3 (15.8%)

37 (49.3%)
38 (50.7%)

26 (70.3%)
30 (79.0%)

11 (57.9%)
8 (42.1%)

0.52

BMI
Underweight <18
Normal 18-25
Overweight >25
Income
$46,111 or less
More than $46,111

0.44

0.04

Environmental
Tobacco Smoke
No 66 (88.0%)
Yes 9 (12.0%)

52 (92.9%)
4 (7.1%)

14 (73.7%)
5 (26.3%)
0.03

Indoor Pets
No 19 (25.3%)
Yes 56 (74.7%)

18 (32.1%)
38 (67.9%)

1 (5.3%)
18 (94.7%)

43 (74.1%)
15 (25.9%)

13 (76.5%)
4 (23.5%)

1.00

Lead Paint
No
Yes
Frequency of Home
Cleaning
Less than once a week
More than once a
week

58 (77.3%)
17 (22.7%)

0.75
34 (45.3%)
41 (54.7%)

44 (78.6%)
12 (21.4%)

14 (73.7%)
5 (26.3%)

More participants that were exposed to environmental tobacco smoke (p=0.04)
and had indoor pets (p=0.03) were in the High MES Category. The covariates included in
the final multivariable linear regression models were the same as those included in the
final multivariable linear regression model assessing the relationships between the BARS
outcomes and aluminum. The adjusted beta coefficients for the relationship between the
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BARS outcomes and MES category, 95% confidence intervals, and p-values are in Table
25. There were no significant relationships between any of the BARS outcome measures
and MES category.
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Table 25. Linear Regression Coefficients for MES and BARS Outcomes
Beta* (95% CI)
P-value Adjusted Beta (95% CI)

P-value

Covariates

Continuous Performance
Number of Errors a

0.010 (-0.71, 0.73)

0.98

-0.086 (-0.780, 0.609)

0.81

Response Latency b

-0.030 (-0.09,0.03)

0.36

-0.024 (-0.083, 0.034)

0.42

Age, Gender,
Income
Age, Gender,
BMI

Selective Attention Test
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Number of Errors c
*Adjusted for gender and age
a
Square-root transformed
b
Natural Log-transformed
c
Square-root transformed

-0.077 (-0.45, 0.29)

0.69

-0.154 (-0.54, 0.23)

0.44

Age, Gender,
Environment
al tobacco,
BMI

6. Specific Aim 6 Results
(6a): Table 21 contains a summary of the univariate exposure-response
relationships between metal concentrations and DESR score that were visualized using
BKMR. As previously explained in Subaim (5a), the analysis in Subaim (6b) will focus
on aluminum exposure and the relationship with the DESR score.
(6b): GLM negative binomial regression was used to assess the relationship
between DESR score and exposure to aluminum (μg/m3). In the negative binomial
regression model with DESR score as the outcome variable and aluminum, age, and
gender as independent variables the adjusted linear regression beta coefficient for
aluminum is β= 0.20; 95% CI= (-0.03, 0.43); p= 0.09.
Covariates considered for inclusion in the multivariable negative binomial
regression model with DESR score as the dependent variables and aluminum exposure as
the independent variable were environmental tobacco exposure, indoor pets, lead paint,
age, and gender. The final model included age, gender, indoor pets, income and lead
paint as covariates. The adjusted beta coefficient for the relationship between the DESR
score and aluminum is β = 0.05; 95% CI= (-0.17, 0.27); p= 0.65.
(6c): In the negative binomial regression model with DESR score as the outcome
variable and MES category, age, and gender as independent variables the adjusted beta
coefficient for MES category is β =0.006; 95% CI= (-0.057, 0.07); p-value= 0.85.
The covariates included in the multivariable negative binomial regression model
with DESR score as the outcome and MES category as the independent exposure variable
were the same as those included in the multivariable model in Subaim (6b): age, gender,
indoor pets, income and lead paint. The adjusted beta coefficient for the relationship
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between the DESR score and MES category is β = -0.002; 95% CI= (-0.063, 0.060); pvalue= 0.96. There was no significant relationship between DESR score and MES
category.
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VI. DISCUSSION
This on-going study is the first to assess indoor exposure to fly ash, metals, PM10,
and neurobehavioral outcomes in children living near coal-burning power plants. The
findings presented in this dissertation are preliminary, but reveal many areas for further
investigation as more data become available.

1. Summary of Results

1a. Relationship Between Exposure to PM10, Fly Ash, Metals
Specific aims 1 and 2 were focused on characterizing the relationship between
exposure to fly ash, PM10, and metals, as well as beginning to understand the
geographical distribution of these exposures. Metals or metalloids that were found to be
abundant in fly ash particles included aluminum, iron, titanium, potassium, and silicon
which is consistent with other studies assessing the composition of fly ash particles (9).
While there was no relationship found between the presence of fly ash in the home and
overall PM10 or metal concentration, concentrations of aluminum, titanium, and silicon
were present in PM10 above the LOD in a majority of the participants’ homes. Given that
these three elements were some of the most abundant in fly ash particles, one source of
these three elements in PM10 concentrations measured in homes surrounding the power
plants could be fly ash. Because the presence of fly ash was only determined on a small
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section of the air filter, it is possible that some homes with higher concentrations of the
elements found in fly ash were misclassified as not having fly ash.
Distance from the homes to the fly ash landfills was not related to fly ash
presence in the home, but it was related to the metal/metalloid concentration of PM10.
Overall results from univariate analysis of the relationship between the Environmental
Indicator and exposure variables suggest that living closer to either power plant was
associated with higher PM10 concentrations, as well as higher indoor concentrations of
aluminum, chromium, manganese, silicon, and titanium (Supplemental Table 2). To
explore this relationship further, univariate analysis of the relationship between distance
to each individual landfill and exposure variables was conducted to identify which fly ash
landfill (Cane Run or Mill Creek) may be contributing more PM10 into the study area.
Homes closer to Mill Creek had significantly greater concentrations of aluminum,
manganese, silicon, and titanium. For each kilometer increase in distance from Mill
Creek there was an estimated decrease in aluminum concentration of -5.54% (p=0.0006),
a decrease in manganese concentration of -4.97% (p=0.001), a decrease in silicon
concentration of -4.59% (p=0.0001), and a decrease in titanium concentration of -3.44%
(p=0.05). Homes further away from Cane Run appeared to have more aluminum,
manganese, and silicon. However, this observed relationship is likely due to confounding
by distance from the Mill Creek landfill. The observed relationships between distance to
the Cane Run landfill and metal/metalloid concentrations are likely due to proximity to
the Mill Creek landfill (homes further from Cane Run were closer to Mill Creek). For
each kilometer increase in distance from Cane Run there was an estimated increase in
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aluminum concentration of 7.14% (p=0.003), an increase in manganese concentration of
6.29% (p=0.006), and an increase in silicon concentration of 4.71% (p=0.008).
The difference in the direction of the relationship between distance and metal
concentrations is interesting and an area to investigate further. Results from univariate
analysis of the relationship between distance to landfills and exposure variables, suggest
that more PM10 emissions are generated from the Mill Creek landfill into the study area
than from the Cane Run landfill. Based on this finding it could be hypothesized that the
fly ash landfill, which is currently active at Mill Creek, but not at Cane Run, may be a
source of indoor aluminum, manganese, and silicon PM10 pollution. Winds prevailing
predominately from the southwest could carry PM10 from Mill Creek into the study area.
However, there are likely characteristics that are different between Cane Run and Mill
Creek beyond the status of the landfill, which could increase fugitive dust emissions from
one site and reduce emission into the study area from the other. These factors including
wind and direction from the fly ash landfills will be investigated further in future
analyses.
The EJ Index was not related to the presence of fly ash in the home, but it was
related to total PM10 concentration, as well as the aluminum and titanium concentrations.
Participants living in more susceptible block groups were more likely to have greater
concentrations of total PM10 (p=0.002), aluminum (p=0.05), and titanium (p=0.0005).
The relationship between the EJ Index and PM10, aluminum, and titanium exposure
seems to be primarily driven by the association between the exposures and the
Environmental Indicator portion of the EJ Index formula (Appendix: Supplemental Table
2 and Table 3). However, there was a positive correlation between distance from Cane
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Run and the Demographic Index and a negative correlation between distance from Mill
Creek and the Demographic Index demonstrating that it is hard to completely ignore the
role of socio-demographic factors in exposure.
It is apparent that there is a complex relationship between proximity to the coalburning power plants with fly ash, PM10, metal exposure, and socio-demographic factors.
Characterizing the relationship between these factors is important in public health
research attempting to identify specific environmental hazards and link them to health
problems in vulnerable populations. The EJ Index may be a useful tool to consider the
impacts of both distance from the two ash landfills and socio-demographic factors on
exposure. Future analysis will also assess household characteristics that reduce or
increase fly ash and PM10 exposure in Census block groups that may make populations
more susceptible to exposure. Other outdoor sources of indoor PM10 pollution, including
roadways and industrial factories, could be considered to better characterize sources of
PM10 in the home. Substitution methods used for values below the LOD and the impact
on estimates of the association between metal exposure, distance, and the EJ Index will
also be explored.

1b. Relationship Between Exposure to Fly Ash, PM10, Metals and Cognitive Control
Specific aims 3 and 5 were focused on characterizing the relationship between
cognitive control and exposure to fly ash, PM10, as well as metals. CPT errors, SAT
errors, and CPT response latency were not related to fly ash presence in the home
(yes/no) or total concentration of PM10 in multivariable linear regression models or
models adjusted for only for age and gender. BKMR models suggested a possible
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relationship between aluminum concentration and the BARS outcomes. Thus, the
exposure effect was estimated using linear regression models.
To assess the relationship between the BARS outcomes and exposure measures in
linear models, the CPT and SAT errors had to be square root transformed and the CPT
response latency was transformed by the natural logarithm. In linear regression models
adjusting for age and gender, an increase in aluminum concentration from the 25th
percentile to the 75th percentile would increase the square-root CPT errors by 0.198 (p=
0.004). An example to help interpret this estimated effect of aluminum exposure is to
consider that increasing exposure from the 25th percentile to the 75th percentile for a male
at the median age of 11 years would result in an estimated 14.5% increase in CPT errors
(from 8.0 to 9.2 errors). Increasing aluminum exposure from the 25th percentile to the 75th
percentile for a female at the median age of 11 years would result in an estimated 16.9%
increase in CPT errors (from 5.9 to 6.9 errors). In linear regression models adjusting for
age and gender, an increase in aluminum concentration from the 25th percentile to the 75th
percentile was associated with a 1.29% decrease in response latency (p=0.03). Finally, in
linear regression models adjusting for age and gender, an increase in aluminum
concentration from the 25th percentile to the 75th percentile would increase the squareroot SAT errors by 0.088 (p=0.02). To conceptualize the effect of aluminum exposure on
SAT performance in a more practical way, increasing exposure from the 25th percentile to
the 75th percentile for a male at the median age of 11 years would result in an estimated
10.8% increase in SAT errors (from 2.8 to 3.1 errors). Increasing aluminum exposure
from the 25th percentile to the 75th percentile for a female at the median age of 11 years
would result in an estimated 12.2% increase in SAT errors (2.2 to 2.5 errors).
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The beta coefficients for the relationship between aluminum and BARS
outcomes were only slightly different in multivariable linear regression models compared
to estimates in the models only adjusted for age and gender. In a linear regression model
adjusted for age, gender, and income, an increase in aluminum concentration from the
25th percentile to the 75th percentile would increase the square-root CPT errors by 0.172
(p=0.01). In a linear regression model adjusted for age, gender, and BMI, an increase in
aluminum concentration from the 25th percentile to the 75th percentile was associated
with a 1.18% decrease in response time. Additionally, in linear regression models
adjusted for age, gender, environmental tobacco exposure, and BMI, an increase in
aluminum concentration from the 25th percentile to the 75th percentile would increase the
square-root SAT errors by 0.085 (p=0.02).
The BARS CPT was developed to assess sustained attention and selective
attention, while the SAT was developed to assess sustained attention. For this
dissertation, the numbers of omission and commission errors for each test were combined
to assess general attention problems. Children with higher concentrations of aluminum
exposure committed more errors on both the SAT and CPT, indicating a general problem
with inattention. In addition, children with higher concentration of aluminum exposure
had faster CPT response latencies, which is indicative of problems with impulsivity.
Future analysis with a larger sample will assess the omission errors and commission
errors separately for each test to garner a more descriptive assessment of cognitive
control in children exposed to aluminum. In addition, the association between direct
measures of aluminum exposure (toenail and fingernail samples) and cognitive control
will be assessed. Using data from the coal ash study, Tompkins (2016) found that the

106

concentration of aluminum in the nails of approximately 45% of participants was above
levels previously reported in studies assessing aluminum in nails(104). When data
collection for the Coal Ash Study has been completed, there should be ample power to
assess the relationship between aluminum exposure and cognitive control.
1c. Relationship Between Exposure to Fly Ash, PM10, Metals and DESR
Specific aims 4 and 6 were focused on assessing the relationship between selfregulation and exposure to fly ash, PM10, and metal concentrations. DESR score was not
related to the presence of fly ash in the home, PM10 concentration, or metal
concentration. Similarly to the assessment of cognitive control and metal exposure, the
BKMR model suggested that there might be a relationship between aluminum and DESR.
There was no statistically significant relationship in a negative binomial regression model
assessing the relationship between DESR and aluminum exposure while adjusting for age
and gender (p=0.09). In the multivariable negative binomial model with age, gender,
indoor pets, income, and lead paint the significance of the relationship between aluminum
and DESR was diminished further (p=0.65).

2. Aluminum and Cognitive Control?
Aluminum exposure was significantly related to all BARS measures of cognitive
control. Despite being one of the most abundant metals in the earth’s crust, there is a lack
of research on the neurotoxic effect of aluminum exposure in children. Generally,
background atmospheric concentrations of aluminum range from 0.005 to 18 μg/m3 with
higher concentrations more common in urban and industrialized areas. A study conducted
with 46 high school students in Harlem, New York in 1999 measured indoor aluminum
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concentrations of 41 ng/m3 (0.041 μg/m3) in winter and 39 ng/m3 (0.039 μg/m3) in
summer (105). These levels are lower than the median concentration of 0.055 μg/m3
measured in this study. It has been generally recognized that populations living near
industrial emission sources and hazardous waste sites are exposed to higher
concentrations of aluminum (105).
Throughout the general population, exposure to aluminum generally occurs
through ingestion of food and water, as well as inhalation of ambient air. There are
currently no inhalation Minimal Risk Levels for Hazardous Substances (MRLs) for
aluminum due to a lack of studies assessing exposure (105). The few studies that have
been conducted in animals and humans, however, suggest that the lungs and nervous
system are primary targets of inhaled aluminum particles. Occupational studies with
workers exposed to aluminum dust have found a potential relationship between chronic
exposure and subclinical cognitive impairments. Some studies have found greater
aluminum exposure to be associated with a decline in memory, fine motor skills, and
decreased performance on digit-symbol tests (105). Animal studies assessing
neurological effects of aluminum exposure have primarily focused on brain mass and
histological outcomes and not behavioral impacts (105).
In addition, there is limited data available about the normal levels of aluminum in
children’s bodies. Children living near industrial emission sources and hazardous waste
sites are likely exposed to even greater concentrations of aluminum than adults (105).
Because children have a tendency to play near the ground and not wash their hands, they
are more likely to ingest dirt, which contains particles with high aluminum
concentrations. In addition, many processed foods, for example cheese, that children
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consume contain aluminum additives (105). Aluminum in the body is believed to
accumulate primarily in the bones, brain, kidney, liver, spleen, and muscle (106).
Very few studies have assessed the association between aluminum and
neurobehavioral outcomes in children. It has been suggested that an increase in aluminum
plasma levels in children is associated with decreased verbal and motor skills (106).
However, one of the most recent studies that assessed aluminum exposure and attention
in Romanian children found that blood levels were not significantly related to dimensions
of attention assessed using a computerized test designed to diagnose ADHD (107). It is
very apparent that there is a lack of research on the neurological impacts of aluminum
exposure in children, especially using instruments specifically designed to detect and
measure subclinical neurotoxic effects. Future investigations into the relationship
between indoor exposure to aluminum, aluminum concentration in nails, and cognitive
control will contribute greatly to the current body of literature.

3. Strengths and Limitations
This study has many strengths. First, this study is community-based. Community
members have played a role in designing and recruiting participants. This relationship
with the community allows for the identification and assessment of real-world health
concerns and exposure experiences about which the people are concerned. Using
members of the community to assist in studies has been shown to increase participation
and increase retention (108-110). As of December 2016, this study has reached 70% of its
recruiting goal. Second, this study uses direct and indirect methods to assess exposure to
PM10, fly ash, and metals while being able to consider the geographical impact on
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exposure. Assessing information about PM10 collected indoors and on surfaces in the
children’s bedroom, as well as in children’s nail will help better characterize metal
exposure. Third, this study uses both neurobehavioral tests, designed to detect exposure
to neurotoxic elements, and parent-reported instruments to assess emotional and
behavioral disorders. Lastly, this is the first study to characterize exposure to indoor PM10
and metal concentrations of communities near coal burning power plants.
Some limitations also need to be considered. First, because this study is ongoing
the study sample used in this analysis is small. As the study continues, and the sample
grows, there will be more statistical power to detect differences in neurobehavioral
outcomes and assess the impact of various levels of exposure. Additionally, while the
GIS-based sampling method of the study is an overall strength because it will allow for
the analysis of the geographical impact on exposure, it presents some challenges when
interpreting preliminary results. Because the current sample is incomplete and has been
recruited from varying distances and directions it is difficult to distinguish how much
variation in exposure measures is due do the differing geography and which participants
may in fact actually be outliers. As more participants are recruited near the coal-burning
power plants, especially Mill Creek, we will be better able to identify how geography
impacts exposure and thus distinguish which exposure measurements are outliers and
should be analyzed accordingly.
Another limitation of this analysis is that limited socioeconomic or income
information about individual participants was collected. The only collected variable was
job history. Therefore, income had to be considered at the Census block group level.
While information about income at the block group level may not actually reflect the
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experience of an individual, it at least provides an estimate of the participant’s
socioeconomic status.
It is important to consider some limitations of the exposure assessment used in
this dissertation. First, this analysis only evaluated the impact of distance from the two
coal-burning power plants on indoor fly ash and PM10 exposure and did not consider the
impact of season, direction, or wind. Second, concentrations of PM10 and metals
measured in the home were used to estimate personal exposure. Information about the
individual’s daily activities (such as time spent indoors, at schools, etc.) is being
collected, but was not considered in this exposure assessment. While it has been assumed
that the PM10 sample collected for a week in the home is representative of participants’
chronic exposure, it is also important to consider that variations in season, activity at the
power plants, participants activities (i.e. opening windows, turning on air conditioning,
etc.) could all cause the week-long sample to not accurately reflect a stable estimate of
the participants’ long-term exposure. Third, the air sampling technique used only allows
for the analysis of the total PM10 concentration collected over the course of the week and
does not provide continuous measurement data at repeated time-intervals. While data is
being collected for continuous measurements of PM10, it was not considered in this
dissertation research. Therefore, information about the quantity and amplitude of peaks in
PM10 concentration over the course of the week cannot be considered. These moments
and duration of elevated PM10 concentration may be important to consider when
assessing neurotoxic effects.
In addition, it is important to consider some of the limitations of methods used to
analyze exposure samples. The presence of fly ash in the home was only considered as a
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dichotomous yes/no variable and determined based on the analysis of a small section of
the air filter. Future analysis will also use lift samples taken from the participants’
bedrooms to identify homes with fly ash. Furthermore, SEM-EDX, which was used to
identify metal concentrations in the fly ash particles, is unable to detect trace elements of
metals such as lead, cadmium, and arsenic because the LOD is too high. PIXE analysis
may also be unable to detect concentrations of certain metals in PM10 that are known
neurotoxins like lead and mercury because the LOD are too high. Despite having high
limits of detection for some elements, SEM-EDX and PIXE allow for the detection and
quantification of up to 72 elements simultaneously, which is more advantageous than
other methods that will only detect a few metals that are preselected by the investigators.
Quantifying numerous metals allows for the assessment of metal mixtures, which are
more reflective of children’s real-world exposures.
Having information about a plethora of metals in fly ash particles and PM10 is
beneficial, but figuring out what to do with all of the information is a statistical challenge.
The metal score used in this analysis is based on the summed rank of participants’
exposure to individual metals. This score does not take into account the varying
neurotoxicity of individual metals. Future metal scores should explore applying statistical
weights to the ranks based on the known neurotoxicity of the elements. It may also be
important to investigate synergistic effects of metal interactions, which were not explored
in this dissertation. BKMR was found to be a helpful tool for exploring metal interactions
and mixtures and will be used in the future when the full study sample has been collected.
Some limitations in the assessment of neurobehavioral performance need to also
be considered. The BARS battery of tests was administered once to each child during the
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evening on a weeknight in the children’s home. The setting and timing of the test may
have an impact on children’s test performance. However, in order to reduce variations in
testing atmosphere that may impact results, the same child psychologist administers all of
the tests to maintain consistency in the testing instruction provided. Furthermore, the
DESR score is calculated based on parent-reported information about their child’s
behavior and therefore is potentially biased. The CBCL, however, is a widely used
standardized instrument that will allow us to compare emotional and behavioral outcomes
in this study with other populations.

4. Conclusions
Current fly ash storage methods may be failing to protect children from
unnecessary exposure to PM10 containing neurotoxic metals emitted into the environment
surrounding power plants. Characterizing exposure to metals, PM10, and fly ash, as well
as assessing the impacts on self-regulation will help us better understand exposure and
the potential impacts on behavior for children living near coal burning power plants
around the world. This dissertation utilized a range of methods including spatial data
analysis, regression models, and BKMR to elicit a more detailed picture of the
relationship between living near coal-burning power plants, exposure to PM10 containing
metals, and the neuropsychological impacts on children.
Fly ash particles may be a source of indoor aluminum pollution in homes near
coal-burning power plants. In this analysis of the preliminary data, greater concentrations
of aluminum in PM10 were found to be associated with general inattention problems in
children living near two power plants. Occupational studies suggest inhaled aluminum
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may target the lungs as well as nervous system and chronic exposure may be related to
subclinical cognitive impairments (105). None of the previously identified metal
exposures found to impact attention in previous literature were related to cognitive
control in this analysis. Future studies will assess the relationship between aluminum
concentration in PM10, children’s metal body burden, and cognitive control.
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APPENDIX A: Supplemental Tables
Supplemental Table 1. Descriptive Statistics for EJ Index and Components
Mean
SD
Min P25
Median
0.37
0.21 0.16 0.24
0.29
Environmental Indicator
27.96
15.07 8.00 18.00
23.50
Demographic Index
10.72
8.27 2.18 4.39
7.93
EJ Index

P75
0.41
32.50
16.48

Max
0.89
76.00
26.52

Supplemental Table 2. Univariate Analysis for Environmental Indicator and Metal Concentration in PM10 (naturallog transformed)
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Aluminum
Arsenic
Chromium
Manganese
Silicon
Titanium

Beta (95% CI)
1.39 (0.66, 2.11)
0.56 (-0.07, 1.20)
1.44 (0.68, 2.21)
1.57 (0.91, 2.23)
1.03 (0.49, 1.58)
1.56 (0.83, 2.30)

P-value
0.0004
0.08
0.0004
0.0001
0.0004
0.0001

Supplemental Table 3. Univariate Analysis for Demographic Index and Metal Concentration in PM10 (natural-log
transformed)
B (95% CI)
P-value
-0.0064 (-0.017, 0.005)
0.25
Aluminum
-0.0033 (-0.012, 0.006)
0.47
Arsenic
0.005 (-0.0062, 0.0168)
0.37
Chromium
-0.0002 (-0.011, 0.010)
0.97
Manganese
-0.007 (-0.015, 0.002)
0.12
Silicon
0.004
(-0.008,
0.015)
0.51
Titanium
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Supplemental Table 4. Adjusted Regression Coefficients for the association between Metal Concentrations (μg/m3) and
Neurobehavioral outcomes
Silicon
Titanium
Copper
Beta (95%CI)
P-value
Beta (95% CI)
P-value
Beta (95% CI)
P-value
Continuous
Performance 1
Number of Errors a
0.60 (-0.71, 1.91)
0.37
15.3 (-9.46, 40.1)
0.23
-11.8 (-46.5, 22.8)
0.51
Response Latency b -0.11 (-0.006, -0.21)
0.04
-0.89 (-2.92, 1.14)
0.39
-0.32 (-3.16, 2.51)
0.82
Selective Attention
Test 1
Number of Errors c
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Child Behavior
Checklist2
DESR Score d

0.38 (-0.30, 1.06)

0.28

-3.26 (-16.30, 9.77)

0.63

11.2 (-6.72, 29.17)

0.22

0.11 (-0.006, 0.22)

0.06

-0.4 (-2.63, 1.83)

0.72

0.15 (-2.95, 3.25)

0.92

Models adjusted for age and gender
1
Beta coefficients, 95% CI, and p-values estimated from linear regression models
2
Beta coefficients 95% CI, and p-values estimated from negative binomial regression models
a
Square-root transformed
b
Natural Log-transformed
c
Square-root transformed

Supplemental Table 5. Linear Regression Coefficients for Aluminum (μg/m3) and BARS Outcomes with Outlier
Adjusted
Beta* (95% CI)

P-value Adjusted Beta (95% CI) P-value Covariates

Continuous
Performance
Number of Errors a

4.13 (-0.50, 8.77)

0.08

3.11 (-1.45, 7.67)

0.19

Response Latency b

-0.27 (-0.65, 0.11)

0.17

-0.087 (-0.61, 0.44)

0.74

2.09 (-0.33, 4.51)

0.1

2.06 (-0.38, 4.50)

0.1

Age, Gender,
Income
Age, Gender,
BMI

Selective Attention
Test
Number of Errors c
134

*Adjusted for gender and age
a
Square-root transformed
b
Natural Log-transformed
c
Square-root transformed

Age, Gender,
Environmental
Tobacco, BMI

APPENDIX B: Supplemental Figures
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Supplemental Figure 1. Comparison of Environmental Justice Index and Arsenic Concentration

Concentration of
of
Concentration
33
Arsenic (μg/m
(μg/m ))
Arsenic
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Author: Clara Sears

Map Source: U.S. Census TIGERLine Files, ACS 2014

Supplemental Figure 2. Comparison of Environmental Justice Index and Chromium Concentration

Concentration of
Chromium (μg/m3)
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Author: Clara Sears

Map Source: U.S. Census TIGERLine Files, ACS 2014

Supplemental Figure 3. Comparison of Environmental Justice Index and Manganese Concentration

Concentration of
Manganese (μg/m3)
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Author: Clara Sears

Map Source: U.S. Census TIGERLine Files, ACS 2014

Supplemental Figure 4. BKMR Univariate Analysis with CPT Errors and Metal
Concentrations (μg/m3)

Metals in Figure: x1= Aluminum, x2= Titanium, x3= Chromium, x4= Manganese, x5= Iron,
x6= Nickel, x7= Copper, x8= Zinc, x9= Arsenic, x10= Silicon
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Supplemental Figure 5. BKMR Univariate Analysis with CPT Response Latency
and Metal Concentrations (μg/m3)

Metals in Figure: x1= Aluminum, x2= Titanium, x3= Chromium, x4= Manganese, x5= Iron, x6=
Nickel, x7= Copper, x8= Zinc, x9= Arsenic, x10= Silicon
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Supplemental Figure 6. BKMR Univariate Analysis with SAT Errors and Metal
Concentrations (μg/m3)

Metals in Figure: x1= Aluminum, x2= Titanium, x3= Chromium, x4= Manganese, x5= Iron,
x6= Nickel, x7= Copper, x8= Zinc, x9= Arsenic, x10= Silicon
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Supplemental Figure 7. BKMR Univariate Analysis with DESR Score and Metal
Concentrations (μg/m3

Metals in Figure: x1= Aluminum, x2= Titanium, x3= Chromium, x4= Manganese, x5= Iron,
x6= Nickel, x7= Copper, x8= Zinc, x9= Arsenic, x10= Silicon
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Description: Mentor for Elizabeth Paige Hart, Biology and
Communication double-major, conducting honors thesis research
evaluating electronic cigarette use among college students.

2015

Guest Lecture, PHEP 655: Emerging Issues in Epidemiology,
School of Public Health and Information Sciences
University of Louisville, Louisville, Kentucky
Description: “Coal Ash in Kentucky: A community-based study
about the health of people living near a coal ash storage facility.”

2011-2012

Teaching Assistant, Biology Department,
Goshen College, Goshen, Indiana
Description: Assisting in grading, instruction, laboratory
preparation, and lab supervision for:
-Biology 303, Vertebrate Physiology (1 semester)
-Biology 301, Genetics (1 semester)

SERVICE ACTIVITES
2016, 2015, 2014

Sun Safety Initiative Volunteer
Out Run the Sun, Indianapolis, Indiana
Description: Distributing sunscreen and discussing sun safety with
spectators at the Indianapolis Motor Speedway.

2015-2016

Data Analyst and Grant Writing Volunteer
Southern Indiana Community Healthcare, Paoli, Indiana
Description: Assisting the primary care clinic with the preparation
and writing of a Health Resources & Services Administration
(HRSA) grant proposal to serve a rural, low-income community as
a Federally Qualified Health Center.

2012, 2011

AIDS Awareness Benefit Organizer
Goshen College, Goshen, Indiana
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Description: Organizing and leading the campus community
benefit to raise money for AIDS relief and educational programs in
Africa.
2011

Community Health Volunteer
Central America Study and Service Term, Semilla: The Latin
American Anabaptist Seminary, San Pedro, Guatemala
Description: Volunteering with community health education
programs at Accion Medica Integral San Lucas, San Pedro,
Guatemala. Assisting with sex education and health courses for
youth. Traveling to surrounding indigenous communities to assess
sanitation efforts. Assisting with educational courses on skin-toskin contact after delivery for midwives and healthcare
professionals in obstetrics.
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